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ABSTRACT

Prescribed fire and overstory manipulation through mechanized timber harvesting are
important tools for the ecological restoration of fire-dependent forests/woodlands, which
have been altered extensively by twentieth century fire suppression policies. However,
there are many challenges in using these tools due to terrain, logistic, and social
constraints; issues exacerbated in rugged mountainous terrain. This thesis creates a series
of ArcGIS models which are used as decision support tools for ecological restoration,
using prescribed fire and mechanized timber harvesting equipment operation, in
mountainous terrain. My GIS modeling approaches use 13,118 ha of forest area within
the Jocassee Gorges Natural Resource Area (situated in Northern South Carolina on the
Southern Blue Ridge Escarpment or SBRE) as a case study to introduce my modeling
concepts. In Chapter 1, I present the Fire Habitat Suitability Index (FHSI) a flexible and
scalable model combining GIS based data and ecological monitoring data. The FHSI
rates forest stands and burn units on a 1-5 priority scale for ecological restoration through
prescribed fire. In Chapter 2, I present the Harvest Operability Index (HOI) which rates
forest area on a 1-5 suitability scale for wheel-based mechanized harvesting equipment
given terrain and operational constraints. In Chapter 3, I combine the FHSI and HOI to
develop the Restorability Index (RI). The RI model integrates the FHSI and HOI to
identify high priority areas that are in need of ecological restoration through prescribed
fire, and are simultaneously suitable for the operation of wheel-based harvesting
equipment. The models delineated and proposed high priority areas for ecological
restoration with prescribed fire that were also highly operable for mechanized timber
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harvesting equipment for the case study area. These modeling approaches are flexible in
their construction, and can be adapted to various other locations where ecological
restoration through prescribed fire and timber harvesting are management important
management tools.

iii

DEDICATION

This thesis is dedicated to the memory of my father Bowen Phelps. My father
instilled in me the values of hope, curiosity, perseverance, and the humility in accepting
what you do not know. As my father also taught me to unabashedly revere all knowledge
and life, I do not think this thesis would have been possible without his hard work as a
father. I am forever grateful for his words, life, and legacy.

iv

ACKNOWLEDGMENTS
This research was conducted on the ancestral homelands of the Tsalaguwetiyi
(Eastern Cherokee Nation), Anigiduwagi Aniyvwiyain (United Keetowah Band of the
Cherokee), and the Tsalagihi Ayeli (Cherokee Nation) in the Southern Blue Ridge
Mountains of South Carolina. This thesis would not have been possible without the
generous funding from the South Carolina DNR and the Foothills Community
Foundation. Special consideration must be devoted to my advising committee Drs. Don
Hagan, Thea Hotaling Hagan, and Patrick Hiesl. I will always be grateful for their belief
in me, their mentorship, their dedication, and their humor. Every new idea was received
with enthusiasm and they inspired me to become more patient with myself and my
capabilities as a scientist. I grew personally through their mentorship, and I will always
value how available they all made themselves to discuss drafts, GIS models, data
collection, and life itself. Their support has been organic and sustained- and an
inspiration for me as to what advising can be.
I would also like to thank the people who helped make the data collection in
Jocassee Gorges a reality. South Carolina DNR’s Mark Hall gave me access to all of
Jocassee Gorges, provided burn and forest stand GIS data, and gave numerous insights in
the project’s development. I would also like to thank my amazing field technicians
Crystal Smith, Melissa Ferral, and Carson Colenbaugh. I was always impressed and
delighted by their ecological knowledge, data design suggestions, and their enthusiasm at
encountering rare fire-dependent herbs or mountain views. These technicians also made
chigger bites, unbelievable heat/humidity, and long days of hiking bearable with their

v

laughter and perseverance. Additionally, Jacob Murray volunteered his own pressed time
as a graduate student to spend a weekend in a remote unit of Jocassee for field sampling.
Special thanks must also be given to Jacob for his ability to shout at the black bear
visiting our camp site at night when I couldn’t find my voice.
I am also eternally grateful for the people who became my friends and
colleagues as fellow graduate students at Clemson. These people gave me hope when it
was hard to find, shared their knowledge, and continued to be there in the midst of an
isolating pandemic. In no particular order I would like to thank Kyle Shute, Jessica
Waller, Lauren Diaz, Dianne Helene, Kipling Klamas, Calvin Norman, Manisha
Paranjuli, Bridget Blood, Ellie Johnson, and Matt Vaughn among others. I would also
like to thank my family for always being by my side and supporting me through the
master’s. Deep thanks must go to my partner, Sarah Gamalinda, who gave me strength
and served as my role model as she worked through her dissertation. Deep thanks must
also go to my mother Nancy Phelps, her partner Steve Skold, my brother Jason and his
partner Alex, and my little brother (and future scientist) Anthony.

vi

TABLE OF CONTENTS

Page
TITLE PAGE .................................................................................................................... i
ABSTRACT..................................................................................................................... ii
DEDICATION ................................................................................................................ iv
ACKNOWLEDGMENTS ............................................................................................... v
LIST OF TABLES ........................................................................................................... x
LIST OF FIGURES ........................................................................................................ xi
INTRODUCTION ........................................................................................................xiii
CHAPTER
I.

INTRODUCING FHSI: A FLEXIBLE, SCALABLE
DECISION SUPPORT TOOL FOR PRIORITIZING
FOREST STANDS FOR ECOLOGICAL RESTORATION .................. 1
Abstract .................................................................................................... 1
1.1. Introduction ....................................................................................... 2
1.1.1. FHSI Model Overview ............................................................. 7
1.1.2. Case Study: Application of FHSI on a fire-dependent
landscape in the southern Appalachians ................................... 10
1.2. Materials and Methods .................................................................... 11
1.2.1. Study Area .............................................................................. 11
1.2.2. GIS Methods- Baseline Fire
Habitat Suitability Index (FHSI) .............................................. 13
1.2.3. Field Data Collection- Stand/Burn Area FHSI ...................... 18
1.2.4. GIS Methods- Stand/Burn Area FHSI ................................... 20
1.2.5. GIS Methods- Final Combined FHSI .................................... 24
1.3. Results .............................................................................................. 24
1.3.1. Baseline FHSI Results ........................................................... 24
1.3.2. Stand/Burn Area FHSI Results .............................................. 27
1.3.3. Final Combined FHSI Results ............................................... 29
1.4. Discussion ......................................................................................... 31
1.4.1. FHSI Limitations ................................................................... 32
1.4.2. FHSI Management Implications in Jocassee ......................... 34

vii

Table of Contents (Continued)
Page
1.4.3. FHSI Future Considerations .................................................. 36
1.5. Conclusions ...................................................................................... 38

II.

THE HARVEST STUITABILITY INDEX (HOI): A
DECISION SUPPORT TOOL FOR IDENTIFYING
SUITABLE AREA FOR MECHANIZED RESTORATION
TIMBER HARVESTING IN MOUNTAINOUS TERRAIN................ 39
Abstract .................................................................................................. 39
2.1. Introduction ..................................................................................... 40
2.2. Materials and Methods .................................................................... 44
2.2.1. Study Area ............................................................................. 44
2.2.2. Data Sets Used in the Harvest Operability Index (HOI)........ 46
2.2.3. HOI Model Methodology ...................................................... 46
2.2.4. Slope HOI Criterion Methodology ........................................ 50
2.2.5. Skidding Distance HOI Criterion Methodology .................... 51
2.2.6. Cost Distance to Highways HOI Criterion Methodology ...... 51
2.2.7. Stand Age HOI Criterion Methodology ................................. 53
2.2.8. SMZ HOI Criterion Methodology ......................................... 53
2.2.9. Soil Suitability HOI Criterion Methodology ......................... 54
2.3. Results ............................................................................................. 55
2.3.1. HOI Criteria Class Values Results ......................................... 55
2.3.2. HOI Model Results ................................................................ 61
2.4. Discussion ....................................................................................... 65
2.4.1. HOI Criteria Discussion ......................................................... 65
2.4.2. HOI Impacts ........................................................................... 67
2.4.3. Future Considerations for the HOI Model ............................. 68
2.5. Conclusions ..................................................................................... 70

III.

THE RESTORABILITY INDEX (RI): A GIS DECISION
SUPPORT TOOL FOR PRIORITIZING PRESCRIBED
FIRE AND SILVICULTURAL RESTORATION
IN FORESTS ......................................................................................... 71
Abstract .................................................................................................. 71
3.1. Introduction ..................................................................................... 72
3.2. Materials and Methods .................................................................... 79
3.2.1. Study Area ............................................................................. 79
3.2.2. RI Model Overview ............................................................... 80

viii

Table of Contents (Continued)
Page
3.2.3. RI Model Inputs- The Baseline FHSI .................................... 81
3.2.4. RI Model Inputs- The HOI .................................................... 82
3.2.5. RI Model GIS Methodology ................................................. 83
3.3. Results ............................................................................................. 84
3.3.1. RI Model Results ................................................................... 84
3.4. Discussion ....................................................................................... 87
3.4.1. RI Model improvements ........................................................ 88
3.5. Conclusions ..................................................................................... 90
THESIS CONCLUSIONS ............................................................................................. 92
APPENDICES ............................................................................................................... 95
A:
B:
C:
D:
E:
F:

Slopes of Jocassee (Percent) ........................................................................ 95
Skidding Distances of Jocassee (Meters) ..................................................... 96
Cost Distance to Major Highways in Jocassee (Meters) ............................. 97
Forest Stand Age of Jocassee ....................................................................... 98
Trout and Non-trout Waters in Jocassee ...................................................... 99
Harvest Equipment Soil Suitability in Jocassee......................................... 100

REFERENCES ............................................................................................................ 101

ix

LIST OF TABLES

Table

Page

1.1

Data criteria and class values for the Baseline Fire
Habitat Suitability Index (FHSI) ............................................................ 16

1.2

Species used for the Forest Stand and Burn Area Species Checklist .......... 21

1.3

Inputs and class values for the Stand/Burn Area FHSI model.
DFS designates oak (Quercus sp.) and yellow pine
(Pinus echinata, P. pungnes, P. rigida and P. virginiana) .................... 22

1.4

Land area corresponding to the 1-5 scale Baseline
FHSI scores ........................................................................................... 27

1.5

Land area corresponding to the 1-5 scale final FHSI
scores..................................................................................................... 31

2.1

Data acquired for the Harvest Operability Index (HOI) model ................... 46

2.2

HOI Criteria and their 0-4 class values ........................................................ 48

2.3

Reclassifications of the HOI on a 5-tier scale of operability ....................... 50

2.4

HOI values and corresponding land area for the 5-tier scale
of operability in Jocassee. ..................................................................... 65

3.1

Inputs for the Weighted Overlay (WO) RI Model. Each
data criteria were given 50% influence in the WO ................................ 84

3.2

Land area corresponding to RI scores on a 1-4 scale in
Jocassee Gorges, SC. Total sampled area: 13,117.6ha ................................ 87

x

LIST OF FIGURES

Figure

Page

1.1

Conceptual Diagram of the Baseline FHSI model ......................................... 8

1.2

Conceptual Diagram of the Stand/Burn Area FHSI model ........................... 9

1.3

Map of the study area ................................................................................... 12

1.4

Output of the Baseline FHSI model on a 1-5 scale ...................................... 26

1.5

Output of the Stand/Burn Area FHSI model................................................ 28

1.6

Output of the final FHSI model on a 1-5 scale ............................................ 30

2.1

Map of the study area ................................................................................... 45

2.2

Conceptual Diagram of the HOI model ....................................................... 49

2.3

The Slope HOI Criterion on a 0-4 class value scale .................................... 56

2.4

The Skidding Distances HOI Criterion on a 0-4 class
value scale .............................................................................................. 57

2.5

The Cost Distance to Highways HOI Criterion on a
0-4 class value scale ............................................................................... 58

2.6

The Stand Age HOI Criterion on a 0-4 class value scale ............................ 59

2.7

The Soil Suitability HOI Criterion on a 0-4 class value
scale........................................................................................................ 60

2.8

The SMZ HOI Criterion on a 0-4 class value scale ..................................... 61

2.9

Output of the HOI Model on a 0-24 Scale for Jocassee.
Observed scores for the HOI model were 2-23 ..................................... 63

2.10

Output of the HOI Model on a reclassified 1-5 tier scale
of operability .......................................................................................... 64

3.1

Map of the study area ................................................................................... 80

xi

List of Figures (Continued)
Page
3.2

Output of the RI model on a 1-4 scale for Jocassee
Gorges .................................................................................................... 86

xii

INTRODUCTION
Twentieth century fire suppression policies, which were implemented to protect
timber resources from wildfire, have inadvertently altered historic fire regimes (Stephens
and Ruth 2005; Rodriguez-Trejo 2008; Pausas and Keeley 2009; Sang Ahn et al. 2014).
As a result, many forests now face unintended structural consequences including high
fuel load accumulation and increasingly frequent catastrophic fires (Pausas 2004; Pausas
and Keeley 2009; Sang Ahn et al. 2014). Fire suppression has also led to unintended
ecological consequences, such as pronounced changes in forest structure and composition
which favor homogenous shade-tolerant vegetation patterns (Allen et al. 2002; Nowacki
and Abrams 2008; Collins et al. 2017). In response to these trends, prescribed fire and
mechanized timber harvesting (i.e. harvesting with feller-bunchers, grapple skidders,
forwarders and harvesters) have become crucial management tools for the restoration of
functionality and characteristics of fire-dependent forests/woodlands (Allen et al. 2002;
Waldrop et al. 2016).
However, both prescribed fire and mechanized timber harvesting face numerous
constraints which can affect their implementation and use. Prescribed fire can be
hindered by competing management objectives (Hiers et al. 2003), budget and personnel
constraints (East Gulf Coastal Plain Joint Venture 2014), and air quality health concerns
from smoke emissions (Miller et al. 2019). Climate change could result in fewer burning
days in the near future due to altered fire seasons and increased wildfire/escape risk
(Mitchell et al. 2014). Timber harvesting faces challenges from steep slopes, as steep
slope grades pose safety and operational limits for mechanized harvesting equipment
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(Adams et al. 2003; Heinimann 1999; Pellegrini 2012). Additionally, steeper slopes can
negatively impact machine productivity (Lotfalian et al. 2012; Diniz et al. 2019). Heavy
mechanized equipment operation can also lead to increased soil compaction and erosion
(Kolka et al. 2004; Page-Dumroese et al. 2006). In the Southeastern USA, other social
and economic factors increase the difficulty of machine harvesting including: high capital
investments, an aging workforce, high mill quotas, and increased foreign wood product
competition (South Carolina Forestry Commission 2010; Conrad et al. 2018a,b).
Geographic Information System (GIS) land suitability models have proven their
efficacy at identifying highly suitable area in large landscape-scale contexts for both
ecological restoration and timber harvest planning. These models reduce landscape-scale
complexities by delineating high priority area amidst median and low priority areas based
on various data criteria. For example, Mahan and others (2012) identified high priority
prescribed fire burn units using a Weighted Overlay (WO) model based on burn history
and vegetation communities in Shenandoah National Park. Hiers and others (2003)
developed a prescribed fire suitability model using a WO which incorporated burn history
and vegetation types, in addition to other data criteria including time since last forest
restoration harvest and site productivity.
From a timber harvesting perspective, GIS models have been used to identify
optimal mechanized harvesting systems based on landform constraints such as slope and
distance from roads (Pelligrini 2012; Mreže et al. 2017). Other GIS models have
incorporated soil suitability analyses to identify optimal harvesting systems to limit
hazards for equipment operation (Adams et al. 2003). Lastly, research in Eastern Oregon
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has used GIS optimization modeling to identify highest priority area for varying
restoration objectives such as vegetation departure, insect risk, and wildfire hazard
among others (Ager et al. 2015). GIS optimization modeling has also been used in
Central Oregon to identify high priority areas for prescribed fire to reduce fuel-loads and
wildfire damage to old growth Ponderosa Pines (Pinus ponderosa Lawson) (Ager et al.
2013).
This Master’s thesis is informed by GIS land suitability research for ecological
restoration and harvesting equipment operation, and seeks to utilize GIS in order to
develop models (whose outputs will be GIS maps) which can aid in the restoration of
mountainous fire-dependent forest landscapes. The modeling objectives are three-fold,
specifically to 1.) Identify high priority areas for ecological restoration using prescribed
fire with scalable approaches 2.) Identify highly suitable areas for mechanized timber
harvest equipment and 3.) Combine objectives 1 and 2 to synthesize both approaches and
identify areas for ecological restoration using prescribed fire and timber harvesting
equipment. I will use Jocassee Gorges Natural Resource Area in the Southern Blue Ridge
Escarpment of South Carolina as a case study area to test all three modeling approaches
and develop these GIS decision support tools.
In Chapter I, I will introduce a suite of Fire Habitat Suitability Index (FHSI)
models: The Baseline FHSI, Stand/Burn Area FHSI, and Final FHSI- a combination of
the former two FHSI models. These models will identify high priority areas for
prescribed fire based on GIS based data in addition to current ecological conditions
collected from field sampling on a 1-5 priority scale (wherein 5 is the highest priority). In
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Chapter II, I will introduce the Harvest Operability Index (HOI). This model evaluates a
landscape for wheel-based equipment operation based on criteria such as slope, skidding
distances, and soil suitability among others. This model will identify highly operable area
for harvesting equipment operation, in order to facilitate where harvesting for ecological
restoration (e.g. partial and shelterwood harvests) are most feasible based on mitigating
equipment and harvest constraints. Chapter III will present the Restorability Index (RI), a
WO GIS model that incorporates the FHSI and HOI models. The RI delineates area that
is a high priority for prescribed fire and is highly operable for harvesting equipment. The
RI identifies area where timber harvesting and prescribed fire can work synergistically to
accomplish ecological restoration objectives.
These models’ outputs will be a series of GIS maps that delineate high priority
area for restoration activities on a numeric scale within Jocassee Gorges. The maps will
assist Jocassee management in focusing restoration efforts in burn units which are high
priority for continued prescribed fire activity due to sub-optimal fire-dependent
forest/woodland characteristics. The maps will also provide context for the expansion of
prescribed fire activity in areas with no recent prescribed fire activity. Lastly, the maps
will also delineate where harvesting equipment operation is most feasible, allowing
Jocassee management to utilize multiple tools to reach desired forest and woodland
conditions.
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CHAPTER I
INTRODUCING FHSI: A FLEXIBLE, SCALABLE DECISION SUPPORT TOOL FOR
PRIORITIZING FOREST STANDS FOR ECOLOGICAL RESTORATION
ABSTRACT
Ecological restoration with prescribed fire is crucial for the management of
degraded fire-dependent forest/woodlands. However, prescribed fire’s use on large multistand tracts of land can be limited by topography, budget constraints, conflicting
management objectives, and current vegetative conditions. ArcGIS land suitability
modeling has allowed for better-informed strategic decision making and planning for
restoration projects by identifying high priority areas for restoration in a matrix of suboptimal area. Our study introduces the Fire Habitat Suitability Index (FHSI), and
analyzes its application in 13,118ha of managed forest land in the Jocassee Gorges
Natural Resource Area in the Southern Appalachians of South Carolina. The FHSI
combines two separate GIS models to create a flexible and scalable final model that
identifies high priority areas for the restoration of fire-dependent forest/woodlands using
prescribed fire. The two models used to create the final FHSI model were the Baseline
FHSI, constructed solely with GIS data to rate 13,118ha, and the Stand/Burn Area FHSI,
constructed solely with field collected ecological monitoring data to rate 5,691ha. The
final FHSI model rated 5,691ha of Jocassee forest area on a 1-5 scoring scale, with 1
representing low priority for fire-dependent forest/woodland restoration and 5 the
highest. The results of the final FHSI model showed the median FHSI score of 3
occupied the greatest sampled land area at 52% (2,962ha). AN FHSI score of 2
corresponded to the second largest land area at 28% (1,605ha) of the sampled area. The
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FHSI approach provides a decision support tool for continued management of high
priority habitat in Jocassee Gorges. Our modeling approaches can also be applied beyond
our case study area, and offer the potential to suit specific management objectives of
local interest.
1.1.

INTRODUCTION
Ecological restoration is a diverse suite of management activities which assist in

the revitalization of negatively impacted ecosystems (SER 2021). Ecological restoration
has increased in importance globally as biodiversity loss, unsustainable habitat alteration,
and climate change make relying solely on conserving ecosystems insufficient for the
longevity of their functions and characteristics (Aronson & Alexander 2013; Degroot et
al. 2013). Following this reality, many forests and woodlands around the world exist in a
degraded state, and are thus in need of restoration, due to a lengthy period of human
instigated fire suppression (Stephens and Ruth 2005; Rodriguez-Trejo 2008; Pausas and
Keeley 2009; Sang Ahn et al. 2014).
Fire regimes are crucial for the maintenance and perpetuation of many forest and
woodland ecosystems dominated by fire-adapted vegetation such as: pine rockland
forests (Barrios et al. 2010), longleaf pine (Pinus palustris Mill.) savannahs (Glitzenstein
1995; Hiers et al. 2000), tropical savannahs (Reside et al. 2011), Ponderosa pine forests
(Allen et al. 2002), and upland oak forests (Nowacki and Abrams 2008; Brose 2014). In
the 20th century many fire suppression policies were enacted globally, with the intention
of protecting timber resources, which in turn dramatically altered fire regimes (Stephens
and Ruth 2005; Rodriguez-Trejo 2008; Pausas and Keeley 2009; Sang Ahn et al. 2014).
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Fire suppression policies have resulted in unintended consequences of high fuel
load accumulation and catastrophic fires (Pausas 2004; Pausas and Keeley 2009; Sang
Ahn et al. 2014). Fire suppression has also led to unintended ecological consequences,
such as declines of fire-dependent herb populations (Barrios et al. 2010; Bourg et al.
2008), along with pronounced changes in forest structure and composition which favors
homogenous shade-tolerant vegetation patterns (Allen et al. 2002; Nowacki and Abrams
2008; Collins et al. 2017). In response to these trends, prescribed fire has become a
crucial management tool in many parts of the world for fire-dependent forests/woodlands.
For example, prescribed fire initiatives have increased in frequency to accomplish
hazardous fuel reduction (Van Lear and Waldrop 1989; Fernandes and Botelho 2003;
Waldrop et al. 2016). Prescribed fire is also instrumental in achieving ecological
restoration goals such as seed bed preparation for advance shade-intolerant Oak (Quercus
spp.) and Pine (Pinus spp.) regeneration (Brose et al. 2008; Brose 2014; Jenkins et al.
2011; Stambaugh et al. 2007) and increasing herbaceous and graminoid abundance
(Burton et al. 2011; Willms et al. 2017; Vander-Yacht et al. 2020).
The Eastern United States has not been immune to changes in the fire ecology of
many of its forest/woodland ecosystems. Prior to European colonization, much of the
Eastern United States forests/woodlands were influenced by frequent fire from
indigenous burning practices and lightning strikes (Delcourt and Delcourt 1997; Lafon
and Grissino-Mayer 2007; Abrams and Nowacki 2008; Fesenmyer and Christensen 2010;
Lafon et al. 2017). As a result of a century of fire suppression, fire tolerant/shade
intolerant species such as oaks (Quercus spp.) along with yellow pines (Pinus echinata

3

Mill., P. rigida Mill., P. pungens Lamb.) are currently facing poor recruitment due to
their life histories which are reliant on fire disturbance (Brose et al. 2001; Abrams 2003;
Copenheaver et. al 2006; Jenkins et al. 2011). Eastern forests/woodlands are also
experiencing compositional shifts towards shade tolerant hardwoods (Acer rubrum L.,
Nyssa sylvatica Marshall., Prunus serotina Ehrh.), eastern white pine (P. strobus L.)
(Abella and Shelburne 2003) and increased ericaceous shrub cover (Dumas et al 2007;
Nowacki and Abrams 2008).
However, numerous studies have demonstrated the benefits of fire events for
historically fire-dependent forest/woodlands. Forest stands receiving prescribed burns
consistently feature more oak regeneration than unburnt stands over time (Signell et al.
2005; Copenheaver et al. 2006; Brose 2014). Wildfires have also demonstrated oak
regeneration significantly increases post burn (Copenheaver et al. 2006; Van Gundy et al.
2015). In pitch pine (P. rigida) and Table Mountain pine (P. pungens) thermic
communities, wildfires have been shown to reduce the cover of ericaceous shrubs and
promote both pitch pine and Table Mountain pine regeneration (Newell and Peet 1998;
Dumas et al. 2007), and moderate intensity prescribed fire can mimic these effects (Brose
and Waldrop 2006). Prescribed fire has also been demonstrated to increase herbaceous
and graminoid cover, thus restoring some characteristics of historic conditions (Harrod et
al. 2000; Burton et al. 2011).
Despite its numerous benefits implementing and expanding prescribed fire can be
limited by topography, high fuel accumulation and the complexity of the Wildland Urban
Interface (South Carolina Forestry Commission 2010; Waldrop and Goodrick 2012;
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Waldrop et al. 2016). Prescribed fire is also hindered by competing management
objectives (Hiers et al. 2003), budget and personnel constraints (East Gulf Coastal Plain
Joint Venture 2014), and air quality health concerns from smoke emissions (Miller et al.
2019). Ecologically, a single prescribed fire rarely accomplishes restoration objectives,
and research has shown repeated burns result in more herbaceous cover, oak regeneration
(Oakman et al. 2019) and fuel reduction (Waldrop et al. 2016). Lastly, climate change
could result in fewer burning days in the near future, due to altered fire seasons and
increased wildfire/escape risk (Mitchell et al. 2014). With these constraints to prescribed
fire, implementing it consistently across a broad landscape-scale can be a cost prohibitive
and spatially complex problem- despite its enumerable benefits to ecological restoration
and forest health. Therefore, selecting the highest priority areas for prescribed fire is a
must for the management of large landscapes.
ArcGIS modeling approaches have yielded many successful results at refining the
scope of large ecological restoration endeavors by delineating high priority areas in a
landscape matrix of sub-optimal areas. For example, Memarbashi and others identified
high priority areas for grassland and agricultural use in NE Iran using 13 GIS data criteria
including topography, vegetation type, and water access (Memarbashi et al. 2017).
Hotaling-Hagan and others used light, bathymetry and boating activity to select high
priority sites for seagrass restoration in the Estero Bay (3,575ha) of SW Florida
(Hotaling-Hagan et al. 2017). Other studies have assessed land suitability in Mexico for
grassland conservation (Vázquez-Quintero et al. 2020), reforestation (Uribe et al. 2014)
and soil restoration (Aguirre-Salado et al. 2017).
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To address the challenges of implementing prescribed fire in large and complex
landscapes, Hiers and others used 11 GIS criteria (including time since last burn, forest
cover type, and locations of endangered species) in a Weighted Overlay (WO) to rank
prescribed burning priority in 180,000ha of NW Florida (Hiers et. al 2003). Mahan and
others combined burn history data and vegetative tolerance to fire in a WO to prioritize
prescribed burn activity across 79,900ha of the Shenandoah National Park (Mahan et al.
2012).
Ideally, all prescribed fire projects would ensure they are targeting high priority
areas of fire-dependent habitat, in order to yield lasting ecological benefits at the lowest
cost to management. To that end, providing decision support tools that identify the best
future burn projects, while rating and monitoring restoration project progress based on
present habitat conditions, can be a valuable endeavor for managers. This strategy
ensures a manager they are correctly prioritizing their time and efforts with their burn
strategies by consulting a given area’s numeric rating for prescribed fire priority. To
create a decision support tool to optimize the restoration of fire-dependent forests, we
developed the Fire Habitat Suitability Index (FHSI). This model couples GIS data with
stand- and plot-level monitoring data in a flexible, scalable approach for prioritizing
stands and burn units for ecological restoration. Here we provide an overview of the
FHSI, followed by a case study of its application across a 13,118ha landscape in the
southern Appalachian Mountains, USA, in order to identify high priority fire-dependent
forest areas for long term ecological restoration. GIS modeling tools for fire dependent
forest restoration could be expanded in the Southern Appalachians, as there are few
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models that exist within the region. Due to the prominent use of prescribed fire in the
Southern Appalachians and steep sloped terrain which complicates burning (Waldrop and
Goodrick 2012; Lafon et al. 2017), the region is thus an ideal location for introducing
GIS models for fire dependent forest restoration.
1.1.1 FHSI model overview
The FHSI uses two separate GIS models, which are ultimately combined together
for a final FHSI output, in order to provide a scalable approach in high priority firedependent forest area identification. The first model, the Baseline FSHI, integrates biophysical data to rate a baseline FSHI score at a broad, landscape level scale. GIS data
criteria used for this model include burn history (years since last burn and acreage), Heat
Load Index (HLI), LANDFIRE Vegetation Departure Index (VDEP), and 4th
Approximation SBRE Ecological Zone modeling (Simon 2015) (Figure 1.1). The primary
goal of this model was to numerically rate the entirety of the study area with an FHSI
score, in order to identify forested areas that possess the highest ecological restoration
priority with prescribed fire. Based on modeling parameters a high Baseline FHSI score
corresponded to an area of high fire-dependent forest restoration priority, or an area that
deviates dramatically from historic conditions of the SBRE (i.e. high vegetation departure
in fire-dependent ecological zones and upwards of 15 years with no fire activity). In
contrast a low FHSI score would indicate an area that is less of a priority for restoration
due to optimal conditions (i.e. burn activity in the past 5-10 years, low vegetation
departure, etc.) or a preponderance of mesic areas (i.e. mesic SBRE ecological zones and
lower HLI areas, etc.)
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Figure 1.1. Baseline FHSI conceptual diagram, illustrating the ArcGIS workflow.

The second model, the Stand/Burn Area FSHI, integrates forest stand-level and
burn area ecological monitoring data into fire-dependent habitat parameters following
target conditions based on regional management guidelines. These parameters include:
percent oak/yellow pine composition, basal area openness, shrub cover, herbaceous
cover, and an analysis based on the presence of fire indicator species (Figure 1.2). Our
modeling objectives were to 1.) rate forest stands and burn areas for habitat integrity of
fire-associated vegetation/characteristics 2.) augment the Baseline FHSI by providing
ground level ecological data which may not be captured by a broad scale, landscape level
approach. Following the Baseline FHSI scores, a higher Stand/Burn Area FHSI score
would correspond to an area of high fire-dependent forest restoration priority (due to an
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absence of fire-dependent vegetative characteristics found from ecological monitoring
data). A low Stand/Burn Area FHSI score would indicate an area that is less of a
restoration priority due to optimal fire-dependent characteristics such as low basal area,
higher abundance of oak and yellow pine, and greater overall presence of fire-associated
species. These adaptable models also have the potential to be applied to various other
areas within the SBRE and beyond, as they can be altered to suit the specific needs of
land managers seeking to optimize restoration projects in degraded fire-dependent
mountain forest habitats.

Figure 1.2. Standl/Burn Area FHSI conceptual diagram, illustrating the ArcGIS
workflow.
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1.1.2 Case Study: Application of FHSI on a fire-dependent landscape in the southern
Appalachians
Our modeling initiatives were based in 13,118ha of managed forest land in
Jocassee Gorges Natural Resource Area (NRA) in the Upstate of SC (here on referred to
as Jocassee). Using FHSI modeling, we were able to locate and/or confirm high priority
areas for ecological restoration activities. The FHSI modeling outputs are designed to be
used as a decision support tool for the long-term restoration of Jocassee. The
identification and/or confirmation of high priority area allows for a better understanding
of the current ecological state of a burn unit, managed forest stand, or forest stand with no
previous management activity- and how it fits in a landscape rated by FHSI scores. To
illustrate, burn units with low FHSI scores are of lower priority, due to their
approximation of desired management objectives for fire-dependent forest habitat. This
allows other higher scoring FHSI units around the low value area to be prioritized for
burning, in order to decrease their FHSI score- thus expanding the acreage of contiguous
low FHSI scores in Jocassee. By targeting median FHSI areas before high FHSI areas,
Jocassee managers can also ensure the investment of valuable time and resources for an
ecological restoration initiative will have a greater likelihood of reaching desired
management objectives. However, if the goal of a restoration is to maintain high value
area and fire-dependent characteristics, management can focus their prescribed fire
activities in lower FHSI scoring areas.
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1.2.

MATERIALS AND METHODS

1.2.1. Study Area
Jocassee comprises a 17,604-ha area, with 13,118ha of South Carolina
Department of Natural Resources (SCNDR) managed forest area, in the Upstate of South
Carolina (Northern Oconee and Pickens Counties) and is managed by the SCDNR
(Figure 1.3). Due to its size and permanent protection, The Nature Conservancy (TNC)
has classified this area as a high conservation priority, giving it a tier one Matrix Forest
Block designation (Anderson et al. 2012). Jocassee is characterized by primarily acidic
sandy/clay or sandy/loam soils from a bedrock geology of granite, gneiss and schist
(Abella et al. 2003). The terrain is a primarily south facing embankment on the Blue
Ridge Escarpment, and is deeply dissected and steep with convex nose slopes, stream
gorges and ravines. Elevation ranges from 350-850m and slopes range from 20-70%
grade (Abella et al. 2003; Abella et. al 2014).
Pre-settlement forests of Jocassee were primarily Quercus-Castanea dentata
overstory with sub-canopies of ericaceous shrubs such as mountain laurel (Kalmia
latifolia L.), Rhododendron spp. and blueberries (Vaccinium spp.). Stands of mesic
hardwoods with eastern hemlock (Tsuga canadensis (L.) Carrière) occurred along
streams and topographic coves (Braun 1950; Abella & Shelbourne 2004; Boyle et. al
2014). Rocky and exposed south/west slopes and ridges were marked by yellow pines
such as Table Mountain pine (P. pungens), pitch pine (P. rigida), and Virginia pine (P.
virginiana Mill.) (Simon 2015).
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Figure 1.3. Location of the study area in Pickens and Occonnee Counties, SC
(34.944530, -82.918152).

Currently the overstory of Jocassee is dominated by red maple (Acer rubrum),
chestnut oak (Quercus montana Willd.), scarlet oak (Quercus coccinea Münchh.) and
black oak (Quercus velutina Lam.) (Abella et al. 2003). Current ecosystem classification
modeling has also been updated for the entirety of Jocassee. The 2015 U.S. Forest
Service (USFS) and Nature Conservancy (TNC) SBRE 4th Approximation Ecological
Zone model has expanded upon the work of earlier ecosystem classifications for Jocassee
and the SBRE (Abella et. al 2003; Simon et. al 2005). Using landform and environmental
variables, coupled with field reference vegetation data and MAXENT modeling
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approaches, 15 distinct vegetation associations were developed for the SBRE in ArcGIS
(Simon 2015). From this modeling, 5 fire-dependent communities appear in the
boundaries of Jocassee: dry-mesic oak, dry oak evergreen heath, dry oak deciduous
heath, pine-oak heath, and shortleaf oak-pine. In total, these historic fire-dependent
communities comprise 62% (8,177.7ha ha out of 13,117.6ha) of the Jocassee managed
forest area.
1.2.2. GIS Methods- Baseline Fire Habitat Suitability Index (FHSI)
To develop the Baseline FHSI model, we compiled and analyzed bio-physical
data in ESRI ArcGIS 10.7 using ModelBuilder (ESRI 2011). Data layers used in this
model were: Digital Elevation Models (DEM) of the study area, Jocassee Burn unit and
Forest Stand shapefiles, SBRE 4th Approximation Ecological Zones, and LANDFIRE
VDEP. These data layers were used to generate four unique data criteria in the form of
rasters for the Baseline FHSI: Heat load Index (HLI), LANDFIRE VDEP, SBRE 4th
Approximation Zones, and a Time Since Last Burn (Years). Each of these raster layers
were reclassified to a common 0-4 scale, with 4 representing the most suitable areas and
0 the lowest (Table 1.1).
The SBRE Ecological Zones raster layer was reclassified based on vegetative
tolerance and affinity to fire, similar to techniques outlined in Mahan et al. (2012).
Additionally, we valued high suitability for the SBRE Ecological Zones based on
restoration priority for Jocassee staff. Highest pixel values (4) were given to Pine Oak
Heath Woodland and Shortleaf Pine Oak-Woodland/Forest communities, along with DryOak communities. Intermediate values were given to mesic areas such as Montane Oak-
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Hickory Forests (1-3) and High Elevation Red Oak Forest/Woodland (2). Lowest pixel
values (0) were assigned to Lakes/Reservoirs, Alluvial, Floodplain and Acidic Cove
forests (Table 1.1).
Next, a Digital Elevation Model (DEM) was generated from two 3.048m2 (10ft2.)
cell size DEMs of Pickens and Oconee Co. (SCDNR 2020). These DEMs were mosaiced
together and clipped to the study area to form a study area DEM. From this study area
DEM, a Heat Load Index (HLI) raster was generated with the SpatialEco R Package
(Evans 2020). HLI assesses slope, aspect, curvature and latitude to estimate annual
accumulated solar radiation on the landscape. HLI has been shown to be correlated to
increased fire effects and severity and has been used to describe fire related canopy
creation (Arkle et al. 2012; Lorber et al. 2018). The HLI was reclassified such that high
solar radiation areas received the greatest pixel value (4), and low solar radiation areas
received the lowest (0). By favoring high HLI values, we selected for areas that had a
better chance of producing medium-high intensity fire effects which could result in
canopy gap creation.
Following the HLI raster creation, a Jocassee burn unit shapefile obtained from
Jocassee management, along with a shapefile of the 2016 Pinnacle Mountain Wildfire
(NIFC 2020), were clipped out of the Jocassee Forest Stand shapefile using Editor Clip
tools. A new polygon, containing Burn Areas combined over the Forest Stand polygons
was then converted into a raster. All forest stands with no recorded fire history were
given a value of 15+ in the tabular attribute data to designate these areas as not receiving
any fire activity in 15 years or more. This raster layer was then reclassified based on
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Years to Last Burn. Areas with 15 or more years since a last burn were given the highest
pixel value (4) while areas with a burn in the past 1-5 years were given the next highest
priority (3). We valued areas burned in the past 1-5 years as a (3) in order to prevent
mesophytic encroachment in recently burned areas and favor oak and yellow pine
regeneration (Waldrop and Lloyd 1991; Welch et al. 2000; Dey and Hartman 2005).
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Table 1.1. Data criteria and class values for the Baseline FHSI model in Jocassee.
Data Criteria
SBRE Ecological Zones

Input Values

Class
Value

Acidic Cove Forest
Rich Cove Forest
Alluvial Forest
High Elevation Red Oak
Forest/Woodland
Montane Oak-Hickory Slope Forest
Dry Oak Evergreen Heath
Dry Oak Deciduous Heath
Dry-Mesic Oak-Hickory Forest
Shortleaf Pine-Oak Woodland
Pine-Oak Heath Woodland
Floodplain Forest
Montane Oak-Hickory Rich Forest
Montane Oak-Hickory Cove Forest
Mixed Oak/Rhododendron Forest
Rich Slope Forest
Lakes and Reservoirs

0
1
0

0 - 0.2
0.2 – 0.4
0.4 – 0.6
0.6 – 0.8
0.8 – 1.0

0
1
2
3
4

1-5
5 - 10
10 - 15
>15

3
1
2
4

Water
Urban
Barren/Sparse
Agriculture
0-30
30-60
60-100

0
0
0
0
0
2
4

Heat Load Index (HLI)

Time Since Last Burn (Years)

LANDFIRE VDEP

2
3
4
4
4
4
4
0
2
1
2
1
0

Areas between 10-15 years were given the median pixel value (2), while areas
burned between 5-10 years received a low priority (1). This reclassification defined the
highest priority areas for fire-dependent forest restoration as areas that deviate away from
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a historic SBRE fire return interval of 1-8 years (Grissino-Mayer 2016). However, the
model also sets recently burned areas as the second highest priority for management, in
order to preserve the assumed lower ecological departure in areas that experience
frequent fire.
For the final data layer, a raster file of LANDFIRE’s VDEP was obtained. VDEP
quantifies the modeled ecological departure of a landscape from estimated historic
conditions based on changes in vegetation composition, structural change, and canopy
closure (LANDFIRE 2019). VDEP uses a 0-100 score range, with higher values
designating areas of greater ecological departure such as closed forest canopies and
vegetation changes. We reclassified this data layer such that areas with 60-100% received
the highest pixel value (4), areas with 30-60% received the median pixel value (2), and
areas with 0-30% received the lowest pixel value (0). We wished to prioritize areas that
were highly departed due to their need of restoration. Areas not included in the VDEP
metric, such as urban, water, agriculture and sparse/barren were given a (0) to denote low
restoration priority. With all reclassified data layers present, raster calculator was used to
combine all 4 data criteria. All criteria were added together with equal weight, and no
layer attributed more importance over another. The output of the Baseline FHSI had a
range of 0-16 for its possible values, with 16 denoting the highest priority area for firedependent forest restoration activity. For ease of reporting, the final output of the
Baseline FHSI was reduced to a 1-5 scale such that 0-8 =1, 8-10 =2, 10-12 =3, 12-14 =4,
14-16 =5. In our scaling we set the bottom 50% of scores as the lowest priority, in order
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to focus management objectives more directly on units above the median Baseline FHSI
score.
1.2.3.

Field Data Collection- Stand/Burn Area FHSI
In June-August of 2019 and 2020, we established 380 variable-area radius plots

within Jocassee forest stands and burn units, in order to collect ecological monitoring
data of present vegetative conditions. This data was then integrated into Esri ArcGIS
10.7.1 ModelBuilder (ESRI 2011) as data layers for the development of the Stand/Burn
Area FHSI. Sampling was stratified to favor south/southwest facing aspects, ridgetops,
convex slopes, mid-upper slope positions and forest stand units with greater than 50% of
their land area devoted to fire dependent community types from the 4th Approximation
Ecological Zone model (Simon 2015). The overstory was assessed using a 3.048m (10ft.)
BAF prism on all living trees greater than 5 in. dbh (trees below 5in. dbh that were
picked up in the BAF prism sweep were recorded in the midstory.) Recorded overstory
trees were split into two groups: Desired Fire Species (DFS) (Quercus spp., P. echinata,
P. virginiana, P. rigida, P. pungens) and Other Species (all other recorded species not
present in the DFS category) to compare proportions of the DFS group’s basal area to the
total recorded species basal area. Average total basal area in each stand was also used to
build a fire-dependent forest habitat suitability layer of Open and Closed canopy area
informed by literature (Miller et. al 2006; Mahan et al. 2012; Lorber et. al 2018).
We sampled the midstory using stem categorical counts in 3 height zone classes,
within a 9m radius subplot originating from the basal area plot center. Each species in the
3 height zones (Zone 1= 4.5-8ft., Zone 2=8-12ft., Zone 3=12-16ft.) were classified such
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that: Category 0=0 individuals, Cat. 1= less than 2 individuals, Category 2= 3 to 10,
Category 3=11-50, Category 4= 51-100. Recorded species were put into their respective
DFS and Other Species Groups, before category counts were converted to the midpoint of
each species group for data analysis. This category count protocol follows a modified
Carolina Vegetation Survey, which relies on stem counts in 10mx10m plots (Lee et al.
2008). The estimation protocol of category counts was employed in order to promote
efficient sampling across a broad landscape area. In addition, this sampling protocol was
designed in order to be accessible to multiple land managers, reducing the amount of time
devoted to data collection in habitat sampling while still yielding desirable inputs for the
FHSI Stand/Burn Area GIS model. Plot percent shrub cover was assessed on a 0-100
scale, with percent cover being recorded in 10% increments for the entirety of the plot
radius
The understory was assessed in two nested 4.5mX4.5m (15ftX15ft) subplots, a
tree/shrub regeneration layer and an herbaceous layer, placed on the basal area plot
center. We recorded categorical counts for Quercus spp. and yellow pine group seedlings
into the DFS Group. Categorical counts for all other species were recorded in the Other
Species Group. All category count classes were then converted to the midpoint of each
class for analysis. The herbaceous layer was assessed in the same 4.5mX4.5m
(15ftX15ft) space as the tree/shrub regeneration layer. Percent cover in 10% increments
was recorded for 6 separate categories: Graminoid, Forb, Vine (Smilax spp., Vitis spp.,
Parthenocissus quinquefolia (L.), Toxiodendron radicans (L.), Fern, Invasive (Lespedeza
cuneata (Dum.), Microstegium vimineum (Trin.) and Bare Ground. Lastly, a Species
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Checklist was developed and used, in order to mark the presence/absence of 16 firedependent and fire-associated herbs encountered in the forest stand or burn unit (Table
1.2).
1.2.4. GIS Methods- Stand/Burn Area FHSI
After all plot data was summarized and averaged for each sampled forest stand
and burn area, raster layers were generated for use in ModelBuilder. These data layers
formed the basis of the final model based on present stand level vegetative
characteristics. All raster layers were generated at a 3.048m2 (10ft2) cell size, to match
the Baseline FHSI cell size. Reclassification of all raster layers was set to a 0-4 scale,
with 4 representing the highest priority for fire-dependent forest restoration (Table 1.3).
For the Overstory DFS layer, the highest priority (4) was given to pixel values
with 0-10% DFS Basal Area Composition. We prioritized areas with lower proportions of
DFS basal area composition, due to these stands and burn units deviating away from Blue
Ridge management target values (Mahan et. al 2012). In contrast, lowest pixel values (0)
for DFS was set to greater than 50% DFS composition- thus indicating lower restoration
priority due to higher proportions of DFS. Another Overstory raster layer was developed
based on the average total basal area per sampled stand/burn unit. Highest pixel value (4)
was given to areas greater than 120ft2/acre, whereas the lowest priority (0) was given to
pixel values of 0-30ft2/acre (Table 1.3).
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Table 1.2. Species used for the Forest Stand and Burn Area Species Checklist.
Species

Ecosystem Association

Source

Gaylussacia spp.

Thermic Oak/Pine Forest

Arundinaria appallachiana Triplett,
Weakley, & L.G. Clark
Vaccinium pallidium Aiton.

Widespread- highest prevalence on S.
aspects and xeric slopes
Xeric Oak/Pine Forest

Newell & Peet 1998; Welch et al. 2000;
Abella & Shelburne 2004
Abella et al. 2003; Abella & Shelburne 2004

Euphorbia corralata L.
Solidago odora Aiton.

Xeric Oak/Pine Forest
Thermic Oak/Pine Forest

Vaccinium arboreum Marshall.
Desmodium spp.
Fothergilla gardenii L.

Thermic Oak/Pine Forest
Thermic Oak/Pine
Thermic Oak/Pine

Lespedeza hirta (L.) Hornem, L. repens (L.)
W.P.C. Barton
Schizachyrium scoparium (Mich.) Nash
Andropogon virginicus L.
Tephrosia virginiana (L.) Pers.

Thermic Oak/Pine

Abella & Shelburne 2004; Holzmueller et al.
2009;
Abella & Shelburne 2004
Harrod et al. 2000; Holzmueller et al. 2009;
Binninger 2016
Holzmueller et al. 2009
Holzmueller et al. 2009
Newell & Peet 1998; Communication from
Jocassee Staff
Harrod et al. 2000; Binninger 2016

Thermic Oak/Pine
Thermic Oak/Pine
Thermic Oak/Pine

Harrod et al. 2000; Binninger 2016
Binninger 2016
Harrod et al. 2000; Lorber et. al 2018

Xerophyllum asphodeloides (L.) Nutt.

Thermic Oak/Pine

Liatris spp.

Shortleaf Pine/Oak Woodland

Bourg et al. 2005; Communication from
Jocassee Staff
Communication from Jocassee Staff

Stipa avenacea (L.) Parodi

Widespread

Communication from Dr. Donald Hagan
(Clemson)
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Table 1.3. Class values for the Stand/Burn Area FHSI model. DFS: oak/yellow pine.
Data Criteria

Input Values

Class Value

Basal Area Openness (BA/ft2)

120+
90 - 120
60 - 90
30 - 60
0 - 30

4
3
2
1
0

Basal Area Proportion DFS*

0 - 0.1
0.1 - 0.2
0.2 - 0.3
0.3 - 0.5
0.5 - 1.0

4
3
2
1
0

Midstory Proportion DFS*

0 - 0.1
0.1 - 0.2
0.2 - 0.3
0.3 - 0.5
0.5 - 1.0

4
3
2
1
0

Midstory Cover (%)

60 - 100
50 - 60
40 - 50
30 - 40
0 - 30

4
3
2
1
0

Tree Regeneration Proportion DFS*

0 - 0.1
0.1 - 0.2
0.2 - 0.3
0.3 - 0.5
0.5 - 1.0

4
3
2
1
0

Forb and Fern Cover Proportion

0 - 0.1
0.1 - 0.2
0.2 - 0.3
0.3 - 0.5
0.5 - 1

4
3
2
1
0

Graminoid Cover Proportion

0 - 0.1
0.1 - 0.2
0.2 - 0.3
0.3 - 0.5

4
3
2
1
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Species Checklist (Number)

0.5 - 1

0

0-3
3-6
6-9
9 - 12
12 -25

4
3
2
1
0

In addition to target values for Shenandoah vegetative monitoring types (Mahan
et al. 2012), our reclassification for basal area was informed by research in canopy gap
creation in the Appalachians (Miller et al. 2006; Lorber et al. 2018), Higher restoration
priority was devoted to burn units and stands with higher basal area, due to implications
of decreased sunlight on the forest floor which could negatively impact oak, yellow pine,
and graminoid abundance (Elliot and Vose 2010; Burton et al. 2011). For the midstory,
all collected field data was averaged for each forest stand and burn area to develop two
separate raster layers of DFS and percent cover. Informed by metrics in Mahan et. al
(2012), highest priority (4) was given to pixel values with 0-10% DFS and 60-100%
shrub cover. Lowest priority (0) was given to pixel values greater than 50% DFS and 030% shrub cover. This reclassification ensured highest priority for restoration was
devoted to burn units and stands with greater shrub cover and a lack of advanced oak and
yellow pine recruitment.
For the tree regeneration plot data, a raster layer was generated for the DFS
Species groups and was reclassified following the same parameters as the overstory and
midstory layers. Highest priority (4) was given to areas with 0-10% DFS composition,
while lowest priority (0) was given to areas with greater than 50% DFS composition. The
herbaceous layer was summarized for proportions of Graminoid and combined Fern and
Forb groups to all recorded categories, with two raster layers being generated. Informed
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by Mahan et. al (2012) and consultation with Jocassee management, highest priority was
given to pixel values of 0-10% forb/fern cover and graminoid cover (4). Lowest priority
(0) was given to areas greater than 50% forb/fern cover and graminoid cover.
Lastly, the total scores of the forest stand and burn area Species Checklist were
converted into a raster. Every species on the checklist observed in a forest stand or burn
unit was given a value of 1, except for turkeybeard (Xerophyllum asphedeloides) which
was given a value of 10 due to its rarity in the region (Bourg et. al 2005). These values
were then summed together for the entire stand to generate the final Species Checklist
score. Highest possible values were 25, whereas the lowest possible values were 0.
Reclassified pixel values were given the highest priority (4) for stands and burn areas that
had 0-3 Species Checklist score. The lowest pixel values (0) were given to stands with a
12-25 Species Checklist score. With all 8 data layers present, raster calculator was used
to sum the layers together to generate the Stand/Burn Area FHSI. The final Stand/Burn
Area FHSI had a range of possible values from 0-32.
1.2.5. GIS Methods- Final Combined FHSI
The final FHSI model was a synthesis of the Baseline FHSI and Stand/Burn Area
FHSI models. Raster calculator was used to add the original Baseline FHSI output (0-16)
with the original Stand/Burn Area FHSI output (0-32). The final FHSI model had a range
of possible values between 0-48. For ease of reporting, the final FHSI model was also
rescaled to a 1-5 scale such that 0-24 =1, 24-30 =2, 30-36 =3, 36-42 =4, 42-48 =5.

1.3.

RESULTS
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1.3.1. Baseline FSHI Results
The Baseline FHSI model covered 13,118ha, rating every managed forest area in
Jocassee. The Baseline FHSI model had a range of possible values from 0-16. Observed
scores for Jocasee were 1-16, with no area receiving the absolute lowest score of 0. For
ease of reporting, the final output of the Baseline FHSI was reduced to a 1-5 scale (Figure
1.4). With this rescaling, Baseline FHSI scores of the lowest suitability (1) represented
5% of the sampled land area (670ha), and scores of the highest suitability (5) represented
the largest land area at 34% (4,510ha) (Table 1.4). A Baseline FHSI score of 4
represented the second largest amount of land area at 26% (2,981ha).
As predicted, our model indicated low priority areas for restoration were in burn
units that were burned between 5-10 years ago, such as units in the far west of Jocassee
(Figure 1.4). The model indicated multiple high priority areas for prescribed fire activity
in recently burned units such as Bootleg Mtn, Horse Pasture, and Shooting Tree, in
addition to forest stands that had been burned by the 2016 Pinnacle Fire in the southeast
of Jocassee. Large contiguous areas with a Baseline FHSI score of 5 that had no recent
fire activity was observed near Wadakoe Mtn, Rountop Mtn and Northeast of Bootleg
Mtn.
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Figure 1.4. Output of the Baseline FHSI for Jocassee on a 1-5 scale. Pink-purple
areas correspond to high restoration priority and light blue areas low restoration priority.
Total sampled area: 13,118ha
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Table 1.4. Land area corresponding to Baseline FHSI scores in Jocassee. 1 represents
low restoration priority, 5 highest. Total sampled area: 13,118ha
Baseline
FHSI

1

2

3

4

5

Area (ha)

670

1,486

3,128

2,981

4,511

Percent (%)

5%

11%

23%

26%

34%

1.3.2. Stand/Burn Area FSHI Results
The Stand/Burn Area FSHI Model sampled a total area of 5,691ha. The
Stand/Burn Area FSHI had a range of possible values from 0-32. The observed score
range for Jocassee was 6-23. Our model conformed well to field observations, in that
burn units with greater fire effects and/or silvicultural treatments that resulted in
decreased basal area, low shrub cover, and greater proportions of desired fire species
received lower Stand/Burn Area FHSI scores- indicating lower restoration priority. These
areas included the burn units Shooting Tree and Bootleg Mtn, as well as a forest stand
burned by the Pinnacle Mtn Fire in the southeast of Jocassee (Figure 1.5).
Our ecological monitoring data pointed to forest stands with no previous
management activity which received low Stand/Burn Area FHSI scores as well, such as
around Howell Mtn. Near Howell Mtn multiple median-low scoring forest stands were
also observed, including large forest stands to the North near Roundtop Mtn. Northeast of
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Bootleg Mtn, a forest stand with a median Stand/Burn Area FHSI score of 20 was also
observed. This forest stand with no previous management activity had limited oak and
yellow pine regeneration in addition to a higher basal area. Yet this stand did retain a
small (8 individuals) turkey beard population which assisted in lowering its Stand/Burn
Area FHSI score. The model also illustrated a Horse Pasture burn unit with higher
restoration priority due to more mesophytic conditions encountered in the burn units.

Figure 1.5. Output of Stand/Burn Area FHSI model for Jocassee. Pink-purple areas
indicate high priority for ecological restoration. Total sampled area was 5,691ha.
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1.3.3. Final Combined FSHI Results
Observed values for the Final FHSI in Jocassee ranged from 18-43, indicating all
areas experienced some degree of ecological departure. However, no sampled area
achieved the highest priority of 48. Like the Baseline FHSI, for ease of reporting the
Final FHSI model was also rescaled to a 1-5 scale (Figure 1.6). With this rescaling the
median Final FHSI score of 3 corresponded to the largest land area at 52% (2,962ha) of
the 5,691ha field sampled area. The next highest score value was a 2, occupying 28%
(1,605ha) of the field sampled area (Table 1.5). The Final FHSI output did correlate well
to burn units with recent prescribed fire activity showing lower Final FHSI scores (and
thus lower priority for ecological restoration), especially Shooting Tree burn units and
Bootleg Mountain (Figure 1.6). Areas of interest for prescribed fire activity include a
contiguous block of median Final FHSI scores of 3 in a Horse Pasture burn unit. The map
also delineated areas with no recent fire history which could be prime candidates for
prescribed fire due to high Final FHSI scores. These included areas near and north of
Roundtop Mtn with contiguous areas of 4 FHSI, and two forest stands south of Roundtop
Mtn. with 4 surrounded by large contiguous area of 3 Final FHSI scores (Figure 1.6).
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Figure 1.6. Output of the rescaled Final FHSI Model for Jocassee. 1 indicates low
restoration priority, whereas 5 indicates high restoration priority.

30

Table 1.5. Land area corresponding to the rescaled Final FHSI scores in Jocassee. 1
represents low fire habitat quality and suitability, 5 highest. Total sampled area: 5,691ha
Final FHSI

1

2

3

4

5

Area (ha)

90

1,605

2,962

1,031

3

Percent (%)

1%

28%

52%

18%

<1%

1.4.

DISCUSSION
The FHSI modeling approach is a simple and scalable method to be used as a

decision support tool for identifying high priority restoration areas. Multiple land
suitability models have relied solely on GIS based data to model priority for restoration
(Mahan et al. 2012; Uribe et al. 2014; Aguirre-Salado et al. 2017; Memarbashi et al.
2017; Vázquez-Quintero et al. 2020). Like our Baseline FHSI approach, Mahan and
others (2012) used burn history and vegetation associations for identifying prescribed
burn priority area. Hiers and others (2003) similarly modeling high priority area for
prescribed burn activity, used burn history, time since last forest restoration harvest, and
ecosystem characteristics.
Like Hotaling-Hagan and others (2017) who used field-based data in conjunction
with GIS based data to identify high priority area, the Final FHSI model integrates both
these data types to prioritize area for restoration with prescribed fire. In this capacity, the
Final FHSI augments GIS based data by incorporating ecological monitoring field data to
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better reflect current vegetative conditions. The results of the models can guide decision
making processes for new restoration site selection based on highest priority for
management, akin to conclusions in other models (Hotaling-Hagan et al. 2017; Lit et al.
2017; Memarbashi et al. 2017).
1.4.1. FHSI Limitations
Like all GIS approaches, our FHSI model approaches have their benefits and
limitations. The Baseline FHSI did reflect the low restoration priority of high value
ecological plots found in the field from ecological monitoring data (i.e. Table Mountain
pine dominant plots, or plots with confirmed turkey beard populations) especially on
ridges of forest stands with no recent fire activity. Yet, there are potential data criteria
constraints to be noted. A 3.048m2 (10ft2) cell size DEM was chosen for the HLI
analysis, due to its data resolution and matching cell size of the 4th Approximation
Ecological Zone layer (Simon 2015). However, the LANDFIRE VDEP layer was
acquired at a 30m2 cell size. In the modeling process, the VDEP layer was resampled to a
3.048m2 (10ft2) cell size. Reducing cell size does not improve greater cell detail, as the
accuracy for a data layer is most accurate at its original cell size and resolution (ESRI
2016a). Yet due to the extent of ecological degradation present in Jocassee from the
VDEP layer, we determined these resolution issues were negligible for our modeling
purposes.
In contrast to the Baseline FHSI model, the Stand/Burn Area FHSI model better
reflected present vegetative conditions of Jocassee land area by using field collected
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ecological monitoring data. For example, the Baseline FHSI did not reflect current stand
conditions as accurately near Howell Mtn. In the Baseline FHSI model, this area received
scores of 4 indicating high restoration priority. However, the Stand Level/Burn Area
FHSI model showed this area to be lower in restoration priority due to better ecological
characteristics (such as higher graminoid abundance, DFS composition, and limited shrub
cover). The Stand/Burn Area FHSI illustrated burn units near Bootleg Mountain, and
Shooting Tree as possessing some of the highest ecological value- and thus lessened their
priority for ecological restoration.
However, no sampled area within Jocassee achieved the absolute lowest priority
(0 Stand/Burn Area FHSI score) as the lowest observed score before reclassification was
an 18. With reclassification, Final FHSI scores of 1 occupied only 1% of the sampled
land area. This indicated every sampled area possessed some level of ecological
departure. Field data did demonstrate a low abundance of oak and yellow pine in the
midstory and tree regeneration ecological stratum. This conforms to observations across
the Blue Ridge, as oak and yellow pine recruitment has been declining or notably absent
in fire associated ecosystems (Brose et al. 2001; Holzmueller et. al 2009; Jenkins et. al
2011). Interestingly while the FHSI scores of the reclassified Stand/Burn Area FHSI
demonstrated Shooting Tree burn units receiving scores of 1 and 2, these burn units were
dominated by a loblolly pine (P. taeda) overstory. However, the model did reflect other
ideal fire-dependent forest/woodland characteristics. This included limited basal area,
minimal shrub cover, high herbaceous diversity in the understory, and a large number of
fire-associated species from the Species Checklist.
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There is potential the Stand/Burn area methodology could have simplified the
sampled area of Jocassee in terms of ecological value. The FHSI score of particular
stands and burn units, especially those with high value plots (i.e. plots with populations
of turkeybeard, high forb, fern and graminoid proportions, and yellow pine dominant
overstory) amidst low value plots, could have been reduced by averaging plot level data
for an entire multi-acre stand or burn unit. Increasing the number of plots in each forest
stand or burn unit would provide a more accurate summary of vegetative characteristics.
In addition, with continued sampling the Stand Level/Burn Area FHSI model can be
updated with new sampling data, in order to monitor whether a stand or burn area is
losing restoration priority or gaining it- by lowering or raising its FHSI score. This longterm modeling assessment can also be improved by sampling more unburnt forest stands
for monitoring. However, expanding ecological monitoring data in terms of new acreage
and plot numbers will result in more time devoted to sampling. This could detract from
resources that would otherwise be used to carry out restoration activities.
1.4.2. FHSI Management Implications in Jocassee
In contrast to the Baseline and Stand/Burn Area FHSI, the Final FHSI model’s
scale was a reflection of an area’s restoration priority acquired through GIS data but
augmented with current vegetative characteristics of a given stand or burn unit. Like the
Stand/Burn Area FHSI this model indicated Shooting Tree, Pinnacle Mtn, and Bootleg
Mtn burn units as receiving low Final FHSI scores. This effectively lessens their priority
for management, due to their optimal fire dependent woodland/forest ecological
characteristics. With continued burning every 1-5 years, these areas could retain their
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high fire-dependent forest habitat. This allows management to consider extending burn
intervals in these areas, and focus their efforts for prescribed fire in burn units with large
areas of 3-5 FHSI scores. The model delineated a Horse Pasture Burn unit as an optimal
candidate, due to its median FHSI score of 3 and its added benefit of being an established
burn unit. Established burn units of medium-high FHSI scores should be prioritized over
unburnt stands of high FHSI scores, due to the ease of conducting prescribed fire in these
locations from established fire breaks.
However, this assumption could be too optimistic given research in the region.
Woody undergrowth has been shown to increase with lapses in burning, and multiple
fires have been demonstrated as needed to preserve desired stand structure and low shrub
cover (Burton et al. 2011; Waldrop et al. 2016; Oakman et al. 2019). By expanding
burning elsewhere and extended the burn intervals of recently burned areas, there is
potential low scoring FHSI areas (i.e. Shooting Tree, Bootleg Mtn, forest stands burned
by the Pinnacle Mtn Fire) could see their scores increase with less active management
due to woody encroachment. In the Baseline FHSI, our reclassification for burn history
gave the second highest class value (3) to areas burned from 1-5 years to reflect higher
priority of keeping these units in shorter burn rotations- in order to retain their restoration
progress.
In regards to ecological restoration projects in forested areas with no recent fire
activity, the final FHSI model offered some insights. Northeast of Bootleg Mtn, ridges of
high FHSI scores were noted and field observations found two populations of
turkeybeard amidst higher basal area forests. In other prescribed fire suitability modeling,
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management decisions based on modeling outputs influenced prescribed fire activities to
be evaluated based on their proximity to high value areas (Hiers et al. 2003).
Reintroducing fire northeast of Bootleg Mtn could extend the contiguous block of 2 FHSI
scores found in the active Bootleg burn unit.
Another area of consideration for prescribed fire would be near Roundtop Mtn.
Ecological monitoring data showed these areas were dominated by mesophytic white
pine (P. strobus), low herbaceous cover and often dense ericaceous shrub cover. Due to
the extent of land area that is exhibiting high levels of ecological departure near
Roundtop Mtn, a restoration project here could even be of higher priority within the FHSI
landscape of Jocassee. However, if proximity to low priority area is a concern, then this
area could be considered lower priority in the landscape context. Under this paradigm,
forest stands south of Roundtop Mtn. could be better suited for ecological restoration.
Two forest stands with dense ericaceous cover were noted here but were situated in large
contiguous blocks of 2 and 3 FHSI. There will always be a benefit, as well as a trade-off,
in diverting resources to engage in a new restoration initiative. The advantage in the
FHSI models is that they provide more data for Jocassee management to support the work
in prioritizing new initiatives over maintaining the ecological value of actively managed
area.
1.4.3. FHSI Future Considerations
Finally, consultation with land managers of the SBRE could change the final
outcome for all models, and favor results that are more representative of management
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desires and knowledge within Jocassee. Consulting with managers has been demonstrated
to be effective in creating models that better reflect the experience of experts.
Researchers have used workshop settings (Hiers et al. 2003; Mahan et al. 2012),
Analytical Hierarchy Processes (AHP) (Li et al. 2017; Memarbashi et al. 2017) or MultiCriteria Evaluation (MCA) (White and Fennessy 2005) to integrate expert opinion in GIS
models with criteria weights. The FHSI approach is flexible in its ability to add weights
to specific data criteria in the Baseline FHSI as well as the Stand/Burn Area FHSI. Final
model validation workshops with Jocassee management could aid in the prolonged use of
the FHSI in the area, and could help to refine its effectiveness as a decision support tool
for the case study area.
Adding weights in the final FHSI model could also improve its use beyond
Jocassee as well, as adding more importance to specific data layers could meet a specific
problem a manager faces in their study area. For example, a manager could use the FHSI
model to devote more importance to oak and yellow pine regeneration in the Stand/Burn
Area FHSI- due to field observations of limited recruitment across their study area. This
would influence the final FHSI outcome to be more reflective on prioritizing high FHSI
area based on oak and yellow pine recruitment. Additionally, the Baseline FHSI could be
used to build a model that prioritizes prescribed burn expansion by adjusting the
reclassification schema to reflect that recently burned areas are lowest priority. Lastly, an
AHP in different study areas could also create weights for the data criteria that are more
aptly suited for the study area’s unique ecological restoration needs.
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1.5.

CONCLUSIONS
This study introduced the FHSI model for identifying areas of high priority fire-

dependent forest restoration, and assessed its application in the case study of Jocassee
Gorges NRA. Our approach greatly reduced the landscape complexity of suggesting sites
for future restoration projects, while simultaneously providing more insight into the
current ecological state of managed forest area. The FHSI model can be suited to fit the
needs of managers wherever ecological restoration of fire-dependent forests is a
management objective, due its scalability and flexibility. For example, some managers
may only have access to GIS based data (or would not have the resources to collect
extensive ecological monitoring data), in which case the Baseline FHSI would be the best
fit for their needs. However, for managers with current ecological data, or who have the
resources to collect more data on timber cruises and/or survey work, the Stand/Burn Area
FHSI could provide valuable insights to augment the Baseline FHSI.
Our simple and flexible model building also allows the potential for data criteria
to add weights in the final model. Based on the needs and rationale of a manager, the
models can be adjusted to prioritize specific management objectives of their site (i.e.
prioritize burn expansion over maintenance). In this way, the model has better potential
to be utilized by management as it can be adaptable to present conditions- and
acknowledge every management area has different goals and objectives for the land.
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CHAPTER II
THE HARVEST STUITABILITY INDEX (HOI): A DECISION SUPPORT TOOL FOR
IDENTIFYING SUITABLE AREA FOR MECHANIZED RESTORATION
TIMBER HARVESTING IN MOUNTAINOUS TERRAIN
ABSTRACT
Forest operations have become increasingly reliant on mechanized harvesting
equipment due to their increased production capacities in competitive markets.
Additionally, mechanized timber harvests may be necessary for the ecological restoration
of fire-dependent forests in cases where prescribed fire alone does not meet management
objectives. However, operating heavy machinery in mountainous terrain poses numerous
operational and accessibility challenges from steep slopes, erosion risk, and poor road
access. Geographic Information Systems (GIS) have effectively been used in various
studies to identify areas in mountainous landscapes which pose no or reduced constraints
for harvesting equipment operation. This study introduces the Harvest Operability Index
(HOI), which rates a landscape for wheel-based equipment suitability, and assess its
application in 13,118ha of Jocassee Gorges Natural Resource Area, situated on the
Southern Blue Ridge Escarpment. The HOI incorporated slope, distance from roads, cost
distance from major highways, primary streamside management zones (SMZ), stand age,
and soil suitability ratings for harvesting equipment operation. Upon reclassification to a
5-tier suitability scale, the HOI revealed 54% (7,018ha) of the case study area received a
Moderate Operability value and 39% (5,173ha) received a Poor Operability value. Values
of Very High Operability occupied <1% (17ha) of the study area. These results reflected
the challenges of mechanized harvesting in the study area, due to a preponderance of
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steep slopes and poorly suited soil. Our model delineated areas of high suitability for
equipment operation near Roundtop and Howell Mtn, despite a lack of recent logging
activity in the same area. This model can be applied to various other regions where
mountainous terrain poses a limitation in regions where wheel-based harvesting
equipment operation is preferred.
2.1.

INTRODUCTION
In timber harvesting operations, there has been a growing reliance on mechanized

harvesting equipment (e.g. harvesters, feller-bunchers, forwarders, and grapple skidders)
due to their added benefit of increasing harvest production capacity in competitive
markets (Lindroos et al. 2017; Conrad et al. 2018a,b). In the Eastern USA, mechanized
timber harvesting is also important for ecological restoration of fire-dependent forests, as
prescribed fires alone often do not achieve desired open forest structure (Waldrop and
Brose 1999; Welch et al. 2000; Lorber et al. 2018). Mechanized partial harvests and
shelterwood harvests are increasingly being employed to reduce canopy cover (Iverson et
al. 2017; Vander Yacht et al. 2020) and facilitate advanced Oak (Quercus sp.) and yellow
pine regeneration such as Shortleaf Pine (Pinus echinata) (Brose 2014; Pile and Waldrop
2016).
However, steep and uneven mountainous terrain creates numerous limitations and
accessibility challenges for mechanized harvesting equipment and logging operations.
Studies have demonstrated slopes beyond 30% pose safety and environmental limits for
wheel-based skidders (Heinimann 1999; Adams et al. 2003). Similarly, other studies have
defined safe operational limits for wheel-based harvesters and tractors at 30% slope grade
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(Pellegrini 2012; Mreže et al. 2017). Additionally, steep slopes exhibit harvesting
productivity challenges as slopes exceeding 49% (26.1º) can reduce the productivity of
wheeled skidders by as much as 45% (Diniz et al. 2019), and travel time of wheeled
skidders has been shown to increase linearly with cross slopes that exceed 4% (Lotfalian
et al. 2012). Although track equipment and cable yarding systems can overcome steep
slope challenges and work beyond 30% slope grades, these systems are more expensive
than wheel-based equipment (Haynes and Vissner 2001; Adams et al. 2003).
Operating machines on steep slopes compounds an already present risk of soil
alteration with mechanized harvesting equipment. Heavy harvesting equipment can
increase soil compaction and rutting, which in turn, can increase sedimentation into
streams through water run off erosion (Kolka et al. 2004; Page-Dumroese et al. 2006;
Wang et al. 2005). Steep slopes with disturbed and compacted soil can also be at greater
risk for erosion and stream sedimentation (Martin and Hornbeck 1994). While the degree
of soil compaction varies based on harvesting equipment and soil properties (Reisinger et
al. 1988), research in Central Appalachia has demonstrated one pass of loaded harvesting
equipment can increase soil compaction by 50% - with essentially all compaction being
confined to skid trails (Wang et al. 2005; 2006).
Due to the long recovery time needed for subsoils to regain macroporosity (Kolka
et al. 2004; Page-Dumroese et al. 2006; Zenner et al. 2007), erosion of soil and stream
sedimentation could be a continual concern even after one harvesting event. As machine
operation on uneven terrain and steep slopes can lead to soil erosion and poor water
quality, Best Management Practice (BMP) compliance in the United States has steadily
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risen among loggers to preserve and protect water resources (Greene et al. 2013; Conrad
et al. 2018a). However, BMP compliance has also been shown to be more rigorous with
mountainous terrain, such as in the Appalachians, and can increase costs for loggers in
order to properly implement BMP measures (Shaffer et al. 1998; Kilgore & Blinn 2004;
Sawyer et al. 2011).
The density of roads, and the overall accessibility of harvesting sites, is another
important aspect for timber harvesting in mountainous terrain (Jodlowski and Kalinowski
2018). Skidding distances have been shown to be a crucial factor in machine
productivity, as studies have demonstrated the correlation of skidding distances beyond
500m with pronounced loss in productivity (Adebayo 2006; Jirousek et al. 2007; Hiesl
and Benjamin 2013; Petković et al. 2017). Additionally, an optimal network of roads and
skid trails can reduce the impacts of logging, limiting soil stress and stand damage
(Picchio et al. 2018). With all of these noted factors taken together, effective forest
planning can be a valuable tool for mechanized timber harvesting in the mountains in
order to reduce operational constraints and limit logging impact.
Geographic Information System (GIS) analyses have demonstrated many positive
applications for timber harvest planning, due to their ability to provide decision support
systems (DSS) which reduce and/or avoid obstacles in a large landscape context filled
with them. Hogland and others (2018) used GIS to assess forest biomass stocks and
transportation costs in 8 million-ha (based on machine rates, payloads, road type, among
others) for a proposed large-scale biomass conversion facility in Helena, Montana.
Research in Western Oregon, USA used Analytical Hierarchy Processes (AHP) and GIS
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to determine forest road management priorities that reduced both economic costs and
environmental cost to fish and wildlife habitat in 147,000ha (Dodson et al. 2007).
Other GIS analyses have focused more on terrain constraints for harvesting
equipment operation. GIS has been used to identify optimal harvesting machinery based
on: slope, soil compaction, soil erosion and debris slide risk in 500ha of the Appalachian
Mountains in the Southern USA (Adams et al. 2003). Picchio and others (2018) used GIS
analyses which factored in slope, distance from roads, and cost distance travel time to
identify suitable areas for sustainable forest road construction (to improve winch skidder
and cable yarder accessibility) in 565ha and 1,121ha forests of Tuscany, Italy. On Mt.
Amiata in Tuscany, Italy, GIS analyses identified optimal skid trail networks to reduce
soil compaction from Forwarder activity (Picchio et al. 2020). Pecora and others (2014)
used hydrogeologic risk, river presence, distance from roads, and slope to identify
suitable mechanized equipment in 169ha of mountainous terrain in Southern Italy. Lastly,
Mreže and others (2017) used slope, aspect, distance from roads and road density to
identify proper timber extraction systems for chainsaw felling in 5,975ha of Northeast
Turkey.
Based on the demonstrated studies and capabilities of GIS for forest planning in
mountainous areas, there are multiple ways to implement GIS as a DSS for mechanized
harvesting in mountainous terrain. This study introduces the “Harvest Operability Index”
(HOI), a GIS suitability model for mechanized timber harvesting in mountainous terrain.
The output of this analysis will present a decision support tool that provides a
visualization of high and low harvest equipment operability for a given area on a numeric
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scale. Our modeling objectives were to 1.) numerically rate a managed forest area in a
given study area for timber harvest operability based on terrain, stream, and road analysis
and 2.) provide insights for suitable areas for new timber harvesting activities (with a
special emphasis on harvesting for ecological restoration) based on model outputs. We
based our study in the mountainous terrain of the Southern Blue Ridge Escarpment
(SBRE), using South Carolina’s Jocassee Gorges Natural Resource Area (NRA) as our
case study boundary due to the scarcity of GIS harvesting equipment suitability modeling
there. As Jocassee Gorges NRA current management activities include prescribed fire
and timber harvesting for ecological restoration, and 62% (8,177.7ha ha out of
13,117.6ha) of the area is devoted to fire-dependent 4th Approximation SBRE Ecological
Zones (Simon 2015), the area is an ideal candidate for an HOI analysis. This adaptable
model and its techniques can also be applied to various other areas with mountainous
terrain where timber harvest planning is a necessity.
2.2.

MATERIALS AND METHODS

2.2.1. Study Area
Jocassee Gorges NRA retains 13,118ha of forest area managed by South Carolina
Department of Natural Resources (SCDNR) in the Upstate of South Carolina (34.944530,
-82.918152) (Figure 2.1). Jocassee is primarily comprised of acidic sandy/clay or
sandy/loam soils (Abella et al. 2003). The terrain is characteristic of the SBRE and is
marked by convex nose slopes, stream gorges and ravines. Elevation ranges from 350850m and slopes range from 20-70% grade (Abella et al. 2003; Boyle et. al 2014).
Jocassee also possesses tracts of plantation planted loblolly pine (Pinus taeda L.),
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primarily at lower elevations in the southwest. These stands have a history of recent
harvesting activity and are where the bulk of harvesting currently occurs (Mark Hall SC
DNR- Personal Communication). Currently, most of the overstory of Jocassee is
comprised of red maple (Acer rubrum) and Oak species (Quercus sp.) (Abella et al.
2003).

Figure 2.1. Location of the study area in Pickens and Occonnee Counties, SC
(34.944530, -82.918152).
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2.2.2. Data sets used in the Harvest Operability Index (HOI)
The HOI was constructed using ArcMap 10.7 ModelBuilder (ESRI 2011). Due to
the popularity of wheel-based skidders and feller-bunchers in the Southeastern USA and
Southern Appalachians (Conrad et al. 2018a,b), our modeling initiatives used wheelbased harvesting systems and their operational constraints to reflect the preferred
equipment in our case study area. We acquired data layers for the HOI from a variety of
sources, including GIS data from Jocassee staff and publicly available US Census,
hydrology, elevation, and soil data (Table 2.1). Each data layer was used to generate 6
unique HOI criterion which were then used in the final HOI model.

Table 2.1. Data layers acquired for the HOI model in Jocassee.

2.2.3.

Data Layer

Type

Source

Roads (Pickens Co., SC)

ShapeFile

US Census TIGER/Line®

Access Roads

ShapeFile

Jocassee Gorges Staff

Forest Stands

ShapeFile

Jocassee Gorges Staff

Stream and Lake Waterbodies

ShapeFile

US Geologic Survey NHD

Soil Map Units

ShapeFile

SSURGO USDA Web Soil Survey

DEM (Pickens, Oconnee Co.)

Raster

SCDNR

HOI Model Methodology
Our HOI model reclassifies each of the 6 HOI criterion to a 0-4 class value scale

(Table 2.2). A zero-class value defines low operability for harvesting equipment in a
given HOI criterion. The scale increases linearly in operability with a four-class value
representing the highest operability for harvesting equipment in a given HOI criterion.
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The HOI criteria are added together using Raster Calculator addition in order to generate
a numeric scale of harvest equipment suitability (Figure 2.2). All 6 model criteria are
added together with equal weight, with no data layer attributing more importance over
another. The final HOI output has a range of 0-24 for its possible values. Low HOI values
correspond to poorly suited area for harvest equipment operation, whereas high HOI
values correspond to highly optimal area for harvest equipment operation. For ease of
reporting and interpretation, our final HOI model output in Jocassee was reclassified on a
5-tier suitability scale. This final reclassification used 5 as its first break value to evenly
divide the highest achievable HOI value into a 1 to 5 scale of operability (Table 2.3).
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Table 2.2. HOI criteria and their 0-4 class values.
SMZ Criterion
Slope
Criterion
(Percent)

Cost Distance
to Major
Highways
Criterion
(meters)

Skidding
Distance
Criterion
(meters)

CV

CV

010%

4

0-200m

4

1020%

3

200400m

2030%

2

3040%

>40%

Stand Age
Criterion
(Years)

CV

4

3

40-60

3

20,000 30,000

2

20-40

2

30,000 40,000

1

10-20

1

Open
Area,
<10

0

4

3

10,000 20,000

400600m

2

1

600800m

1

0

800m+

0

40,000+

0

Trout Stream and
Lake Primary SMZ
(meters)

CV

CV

CV
60+

0 - 10,000

Soil Suitability for
Harvesting
Equipment
Criterion

*CV: Class Value
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Well Suited

4

Moderately
Suited

2

Poorly Suited

0

Non-Trout Stream
and Lake Primary
SMZ (meters)
CV

24.384m+

4

12.192m+

4

0 -24.384m

0

0 -12.192m

0

Figure 2.2. HOI conceptual diagram, illustrating the ArcGIS workflow. Each data
criteria (blue) was reclassified to a 0-4 class value scale before raster calculator addition.
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Table 2.3. Reclassifications of the HOI on a 5-tier scale of operability.
Data Criteria

HOI

HOI Values

Operability Classes

0-5

1: Very Poor Operability

5 - 10

2: Poor Operability

10 - 15

3: Moderate Operability

15 - 20

4: High Operability

20 - 24

5: Very High Operability

2.2.4. Slope HOI Criterion Methodology
Two 3.048m2 (10ft2) cell size Digital Elevation Models (DEMs) of Pickens and
Oconee Counties were obtained from the SCDNR (SCDNR 2020a). These DEMs were
subsequently mosaiced together and clipped to the study area to form the DEM data
layer. We calculated percent slope from this DEM data layer for the first HOI criterion
using the Spatial Analyst Slope Tool (Appendix A). Slope was then reclassified in 10percent interval break classes (Table 2.2). Our literature review found 0-20% presenting
optimal conditions for wheeled equipment such as harvesters, grapple skidders and
tractors (Spinelli et al. 2010; Lotfalian et al. 2012; Mreže et al. 2017; Diniz et al. 2018),
and slopes of 30-40% resulting in severe productivity costs and machine disfunction
(Heinimann 1999; Haynes and Visser 2001; Spinelli et al. 2010; Diniz et al. 2018). Our
model used 10-percent breaks to denote decreasing machine operability, as 10 percent
was the upper limit of the most optimal slope conditions found for harvesting equipment
(Spinelli et al. 2010) and was used in other GIS terrain analysis (Mreže et al. 2017).
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2.2.5. Skidding Distance HOI Criterion Methodology
Our road layer included a Shapefile from US Census TIGER/Line® road
shapefiles for Pickens Co. (USCB 2020), merged with a Jocassee access road Shapefile
obtained from Jocassee staff. A Spatial Analyst Euclidean Distance Tool, using the
Shapefile of merged roads as its source input, then calculated distance in meters from the
merged road shapefile (Appendix B). The Euclidean distance output was then reclassified
following metrics for optimal skidding conditions, with 0-200m from a road representing
the highest value (4 class value) (Long and Wang 2002; Jirousek et al. 2007; Hiesl and
Benjamin 2013). Subsequent break classes used a 200m interval to define decreasing
skidding distance suitability, with >800m receiving the lowest value (0 class value)
(Table 2.2) due to substantially decreased machine productivity (Behjou et al. 2008).
2.2.6. Cost Distance to Highways HOI Criterion Methodology
The Cost Distance to Highways HOI criterion was then generated using the
Spatial Analyst Cost Distance Tool and the Pickens Co. US Census and Jocassee Access
road data layers. First a “Road Friction” cost raster was rendered, which served as the
input cost raster for a Cost Distance analysis. Cost Distance calculates the cost to move
planimetrically through cells with an assigned integer cost value from a source
destination. Calculations are a multiplier process, wherein cell size is multiplied by the
final cost output per cell, determined by node and link cell representation (ESRI 2016).
To begin the Cost Distance process, our road data layer (containing Jocassee forest and
access roads along with US Census Pickens Co. road data) was split into two shapefiles: a
paved road shapefile (asphalt pavement including residential, highways, and major roads)
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and an unpaved road shapefile (all major dirt roads and unpaved access roads). In the
study area only five Jocassee access roads within Oconnee Co. appeared in the boundary
of Jocassee. Thus, no Oconnee Co. US Census road data was needed.
These two shapefiles were then converted into two raster layers on a 1-10 scale.
Paved roads, (including all highways, rural road and residential paved streets) received
the lowest cost (1), unpaved roads (i.e. forest and access roads) the median cost (5), and
roadless areas the highest cost (10). These raster layers were then combined using raster
calculator to create the final 1-10 cost raster. Our reasoning for this 1-10 raster
reclassification assumed the least costly vehicle movement or friction was on paved
roads, with unpaved roads assuming the median value and roadless areas attributing the
worst cost or friction for vehicle movement. This data layer was used as the cost raster
input for the Cost Distance Tool. The source input used in the analysis was a merged SC
Highway 11 and U.S. Highway 178 polyline feature, generated from the US Census
Pickens Co. Roads Shapefile. This feature was chosen as the source input for the Cost
Distance, based on assumptions harvest sites near the two highways within Jocassee
should be prioritized due to lower wood transportation costs associated with greater speed
(Rongzu & Mikkonen 2004). The Cost Distance Tool then calculated the cost distance
from the SC Highway 11 and U.S. Highway 178 polyline feature across each pixel value
of the cost raster layer of paved, unpaved, and roadless areas (Appendix C). This output
was reclassified into a 0 to 4 class value scale to generate the Cost Distance to Major
Highways HOI criterion (Table 2.2).
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2.2.7. Stand Age HOI Criterion Methodology
The forest stand Shapefile, obtained from Jocassee staff, was used to develop a
stand age raster layer from the tabular data (Appendix D). Stand age functioned as a
surrogate for timber volume. Due to stand age representing the most complete timber
inventory data for the entirety of Jocassee, this data layer was chosen for the HOI over
other metrics such as stand volume. By including a stand age criterion in the HOI, we
factored in areas that are more favorable for harvesting operation due to increased
production capacity with greater merchantable volume. The stand age raster was
reclassified to have stands >60 years as the highest suitability (4 class value), with open
areas and young stands of <10 years having the lowest suitability (0 class value) (Table
2.2). Our reclassification followed general trend of older stands producing more
merchantable volume on average than younger ones (Gingrich 1971).
2.2.8. SMZ HOI Criterion Methodology
Shapefiles of stream and waterbody features of the study area were obtained from
the US Geologic Survey National Hydrography Dataset (NHD) (USGS 2020). After
acquiring these data sets and clipping them to the study area, selections were made to
generate two shapefiles: trout waters and non-trout waters (Appendix E). Selections were
informed by the SC Trout Fishing Guide (SCDNR 2020b). Primary Streamside
Management Zone (SMZ) were generated from these shapefiles using SC state guidelines
(SC Forestry Commission 2013). In streams and lakes designated as non-Trout waters,
buffers of 12.19m (40ft) were created around these features. In streams and lakes
designated as Trout Waters, a buffer of 24.38m (80ft.) was created (Table 2.2). The
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Primary SMZ buffers were then converted into rasters and merged together into a single
raster layer before being reclassified. Equipment operation in the Primary SMZ buffers
presents a greater risk for water contamination, and following BMP guidelines can
increase costs for loggers in the Appalachians (Shaffer et al. 1998; Kilgore & Blinn 2004;
Sawyer et al. 2011. Thus, in our reclassifications we valued areas within a SMZ buffer to
have the lowest suitability (0 class value), and the areas beyond a buffer have the highest
suitability (4 class value) (Table 2.2) as BMP restrictions ease with increasing distance
away from the Primary SMZ and in gentler slope terrain.
2.2.9. Soil Suitability HOI Criterion Methodology
A Shapefile of soil map units for the extent of Jocassee was obtained from the
SSURGO database (Soil Staff 2020). We amended the tabular data of this Shapefile so
each map unit polygon of soil type corresponded to its Land Management rating for
Harvest Equipment Operability found in the custom SSURGO soil report of our study
area. This tabular data was then converted to a raster based on Harvest Equipment
Operability qualitative metrics (Appendix F). Harvest Equipment Operability rates each
soil classification in a given area on a 3-tier qualitative scale: poor suitability, moderate
suitability, and well suited. The ratings for each soil classification are based on slope,
plasticity index, sand content, water table depth, and ponding among others (Soil Staff
2020). The harvest equipment operability raster was reclassified with the following
values: poor suitability (0 class value), moderate suitability (2 class value), and well
suited (4 class value) (Table 2.2).
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2.3.

RESULTS

2.3.1. HOI Criteria Class Value Results
Upon reclassification of the Slope HOI criterion, 60% (7,824ha) of Jocassee
received a 0-class value (Figure 2.3). Gentle slopes of 4-class values, and therefore high
operability, were mainly confined to the south of Jocassee and in portions of the east and
represented 2% (341ha) of the land area. The Skidding Distances HOI criteria showed a
well-established road network and highly operable conditions for skidding distances
within Jocassee, as 4-class values represented 73% (9,546ha) of land area for this
criterion (Figure 2.4). Zero-class values (i.e. where skidding distances exceeded 800m)
represented <1% (110ha) of Jocassee and were primarily observed in the west and
northeast. As predicted, the Cost Path to Major Highways HOI criteria delineated highly
operable 4-class values near SC 11 and US 178 (Figure 2.5). This class value represented
6% (822ha) of Jocassee land area. In contrast, 60% (8,024.4ha) of Jocassee corresponded
to a 0-class value for this criterion.
The Stand Age HOI criterion illustrated 78% (10,174ha) of Jocassee was
dominated by median (2) class values for stand age (Figure 2.6). The oldest stands
represented 3% (508ha) of Jocassee and were located primarily in the south and west.
The Soil Suitability HOI criterion illustrated 76% (9,918ha) of Jocassee had a 0-class
value for soil suitability for harvest equipment operation (Figure 2.7). Areas of 4-class
values were scattered and isolated in Jocassee and represented 3% (456ha) of the land
area. Lastly, the SMZ HOI criterion revealed the vast majority of Jocassee was of high
operability from an SMZ standpoint as 95% (12,501ha) of Jocassee received a 4-class
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value for this criterion (Figure 2.8). Only 4% (617ha) received the lowest class value of
0, with the densest concentrations of SMZ buffers being primarily observed in the south
of Jocasse.

Figure 2.3. The Slope HOI Criterion on a 0-4 class value scale.
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Figure 2.4. The Skidding Distances HOI Criterion on a 0-4 class value scale.
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Figure 2.5. The Cost Distance to Highways HOI Criterion on a 0-4 class value scale.
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Figure 2.6. The Stand Age HOI Criterion on a 0-4 class value scale.
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Figure 2.7. The Soil Suitability HOI Criterion on a 0-4 class value scale.
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Figure 2.8. The SMZ Buffers on a 0-4 class value scale.

2.3.2. HOI Model Results
Our HOI model output for Jocassee had a range of HOI values from 2-23. No area
within Jocassee attained the absolute lowest (i.e. worst equipment operability) HOI value
of 0, nor did any area attain the absolute highest (i.e. best equipment operability) HOI
value of 24 (Figure 2.9). Upon reclassification to a 5-tier scale (Figure 2.10), less than
1% (65ha) of Jocassee managed forest area received a Very Poor Operability value
(Table 2.3). Similarly, Very High Operability values corresponded to less than 1% (17ha)
of Jocassee. Moderate Operability values represented the greatest land area at 54%
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(7,018ha). Overall, our model showed the difficulty of mechanized harvesting in
Jocassee, as High Operability and Very High Operability values were only approximately
7% (861ha) of the land area. The model delineated continuous blocks of High Operability
and Very High Operability in close proximity to US HWY 178 and southwest of Howell
and Roundtop Mtn (Figure 2.10). In these areas, there has been no recent harvesting
activity and these would be ideal locations for considering timber harvesting to meet
ecological restoration objectives (e.g. reduce basal area for an open canopy structure).
Other large blocks of contiguous High and Very High operability area were generally
concentrated in the south of Jocassee near where most active logging occurs.
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Figure 2.9. Output of the HOI Model on a 0-24 Scale for Jocassee. Observed scores for
the HOI model were 2-23.
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Figure 2.10. Output of the HOI Model on a 0-24 Scale for Jocassee. Observed scores for
the HOI model were 2-23.
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Table 2.4. HOI values and corresponding land area for the 5-tier scale of operability in
Jocassee. The total sampled area was 13,118ha.

HOI Value

Very Poor
Operability
[1]

Poor
Operability [2]

Moderate
Operability
[3]

Good
Operability
[4]

Very Good
Operability
[5]

Area (ha)

65

5,173

7,018

843

17

Percent (%)

<1%

39%

54%

6%

<1%

2.4.

DISCUSSION

2.4.1. HOI Criteria Discussion
The HOI outputs in Jocassee reflect the challenges of this landscape in terms of
timber harvest operations. Despite having a well-established network of logging roads
and large acreage of older age class stands, the area is marked by steep slopes with many
gorges and ravines (Abella et al. 2003; Boyle et. al 2014), which negatively impacts
machine productivity and operation (Haynes and Visser 2001; Mreže et al. 2017; Diniz et
al. 2018). Like other GIS modeling approaches, our analysis incorporated similar data
criteria from other studies which defined suitable area for harvesting equipment operation
in mountainous terrain.
Chief among these was slope, which was a common data criterion used in other
GIS models (Adams et al. 2003; Pellegrini 2012; Pecora et al. 2014; Mreže et al. 2017).
A waterbody analysis was used by Pecora and others (2014) in their modeling techniques,
but these researchers used river presence/absence in addition to classes based on river
length. Instead, the HOI model waterbody analysis incorporated SMZ buffers in both
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trout and non-trout designated waters. By incorporating a BMP criterion specific to the
case study region, the HOI better reflected harvesting operations in the United States.
Cost distance techniques were used by Pellegrini (2012) in a GIS model for forest
accessibility. This model accounted for operative road class in addition to operator
traveling time to define accessibility. In contrast, the HOI model used a cost distance
analysis based on road networks surrounding two state highways in the Jocassee study
area. This allowed us to define accessibility based on minimal cost distance to highways,
as greater speed limits allow for faster transportation of wood materials off-site.
In the United States, Adams and others (2003) assessed terrain risks in SW
Virginia using: slope classes, soil compaction, and debris slide risk to identify proper
harvesting equipment in 500ha of mountainous landscape. However, this analysis was
focused on identifying ideal harvesting systems based on these factors alone, and did not
account for other harvesting factors which our HOI model captured (such as SMZ
buffers, skidding distances, and stand age). Other GIS modeling approaches in
mountainous terrain in the United States have focused more on forest operation logistics
including cost-mitigation for forest road management (Dodson et al. 2007) and
projections of transportation costs and biomass availability for bioenergy facilities
(Hogland et al. 2018). The HOI model incorporates some logistic considerations with its
inclusion of stand age and cost distance from major highways data criteria. By including
these criteria, the HOI model adds additional information to a terrain suitability analysis.
This allows for other harvest considerations to inform the suitability model, creating a
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holistic model that incorporates logistic and terrain constraints for wheel-based
equipment operations.
2.4.2. HOI Impacts
The HOI introduces another GIS suitability modeling technique to be used as a
decision support tool for forest management planning. The HOI fills a void of GIS
harvest equipment suitability models in the Eastern United States, especially in the
Southern Appalachians and SBRE, as GIS equipment suitability models here are scare.
The outputs of the HOI model can aid in determining suitable area for equipment
operation and timber harvests for ecological restoration, effectively pointing to areas of
interest to conduct further field assessments to confirm highly suitable area. This follows
recommendations and discussion points found in other GIS models (Adams et al. 2003).
In Jocassee, the HOI pointed to forested area near US HWY 178 and southwest of
Howell Mtn as optimal areas for harvesting equipment operation. As these areas have no
recent logging history, they would be high priority for investigation of future harvesting
activity. Additionally, the construction of the HOI in ModelBuilder allows for easy
replication in other mountainous regions, as other forestry practitioners can exchange our
input data layers to utilize their own DEMs, stream layers, case study shapefiles, and road
data. Users of the HOI in other US states can also define the SMZ buffers which pertain
to their state’s regulations in the reclassification steps of the HOI. The HOI’s reliance on
publicly available data also reduces the amount of time required for data collection and
acquisition, making the model faster and easier to generate.
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2.4.3. Future Considerations for the HOI Model
There are considerations to be noted which could augment the HOI model’s
performance and/or provide further analysis for different harvesting considerations. In
consultation with experts, both in workshop settings and through Analytical Hierarchy
Processes (AHP), GIS land suitability models have been produced which are guided by
the knowledge of experts with the addition of criteria weights (Hiers et al. 2003; Dodson
et al. 2007; Abdi et al. 2009; Mahan et al. 2012; Memrabashi et al. 2017; Aguirre-Salado
et. al 2017; Vázquez-Quintero et al. 2019). The outcome of a model with weighted data
criteria informed by regional timber harvesting experts could be beneficial for the final
HOI values. An AHP analysis with harvesting practitioners and foresters could reduce the
prominence of median HOI values- subsequently identifying more operable area for
harvesting in Jocassee. Alternatively, this process could potentially reduce high
harvesting operability area, and generate a model output with greater land area devoted to
lower HOI values.
The HOI model could also incorporate analyses for alternative mechanized
harvesting equipment. Other GIS analyses have demonstrated how cable-crane systems
and wheel track skidders can improve slope operability beyond 30%, thus increasing the
suitable area for equipment operation (Adams et al. 2003; Pellegrini 2012; Mreže et al.
2017). There is potential to augment the HOI model by incorporating parameters for track
skidders and cable-yarding systems. However, around the case study area this equipment
is not commonly used. This is primarily due to the lower costs associated with wheelbased harvesting systems over track equipment (Haynes and Vissner 2001; Conrad
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2018b) and the lack of experience in the Appalachian region with cable yarding systems
(Haynes and Vissner 2001). For areas outside of the SBRE, including these machines in
an HOI analysis could be useful.
In their GIS analysis, Hogland and others (2018) used Forest Inventory and
Analysis (FIA) plot data, function modeling, and National Agriculture Imagery Program
(NAIP) datasets to estimate Basal Area per Acre (BAA), Aboveground Biomass (AGB),
and Trees per Acre (TPA) across 8 million hectares. Using these techniques could
improve the use of the HOI model. Managers may not have access to extensive forest
stand age data, and substituting the stand age data criterion for a BAA or TPA criterion
could alleviate this dilemma. Additionally, estimating BAA or TPA may be more
valuable for managers. In the reclassification of class values, managers could define their
own 0-4 scale class value metrics based on regional harvesting demands and/or quotas.
Lastly, a modeling of predicted BAA, TPA, or AGB could be more representative of the
actual board feet within a stand as stand age in the HOI model is a surrogate for a timber
volume assessment. However, this technique requires more data layers to be acquired and
further GIS analysis with landcover classification and regression analysis to create the
BAA, TPA, or AGB layers- thus creating more time devoted to data criterion
construction. A simpler approach, if the data is available, would be to retain the stand age
HOI data criterion or use stand volume/basal area from forest stand inventory data.
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2.5.

CONCLUSIONS
The HOI model is a decision support tool for guiding timber harvesting (with a

special emphasis on harvesting for ecological restoration) in mountainous areas based on
the suitability for wheel-based equipment operation, as unfavorable mountainous terrain
can greatly impede this machine activity. By numerically rating a landscape in a given
study area, the HOI model can be used as a tool to inform harvest decision making for the
benefit of loggers and managers at a large landscape scale. The HOI can assist in pointing
to areas to prioritize for timber harvests for ecological restoration due to greater
equipment suitability. In this way, managers can avoid areas that may lead to: equipment
damage, higher operating costs, or possess higher soil erosion potential.
Our simple modeling approach can be easily applied to other areas with
mountainous terrain by swapping inputs in ModelBuilder, in order for forest managers to
better understand harvest limitations in their particular management area. The HOI also
presents a GIS modeling approach that also fills a scarcity of GIS harvesting equipment
suitability in the Eastern United States, especially in the Southern Appalachians and
SBRE. Future research with the HOI in its case study area could include workshops with
SBRE timber and forest management practitioners, in order to have HOI outputs
informed by the needs and experience of SBRE timber harvesting experts. The HOI could
also incorporate analyses based on different equipment operation, such as wheel track
skidders and cable crane systems.
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CHAPTER III
THE RESTORABILITY INDEX (RI): A GIS DECISION SUPPORT TOOL FOR
PRIORITIZING PRESCRIBED FIRE AND SILVICULTURAL RESTORATION IN
FORESTS

ABSTRACT
Prescribed fire and timber harvesting activities are important tools for the
ecological restoration of fire-dependent forests and woodlands. However, these activities
face constraints to their implementation including terrain constraints, mesophytic
vegetative forest conditions, high capital investments, and limited resource capacities.
These realities can inhibit large-scale restoration endeavors and diminish opportunities
that utilize both prescribed fire and silvicultural activities to reach restoration
management objectives. Geographic Information System (GIS) spatial modeling
approaches and optimization modeling have proven to be effective for the delineation of
high-priority areas in large landscape-scale contexts of sub-optimal area in order to guide
better informed decision making about conservation, prescribed fire, and timber
harvesting activities. In this study, we introduce a simple GIS model called the
Restorability Index (RI) and assess its application in 13,118ha of mountainous terrain in
South Carolina’s Jocassee Gorges Natural Resource Area. By combining two GIS models
in a Weighted Overlay (WO), the Fire Habitat Suitability Index (FHSI) and the Harvest
Operability Index (HOI), the RI delineates optimal areas for the use of prescribed fire and
silvicultural activities with mechanized harvesting equipment. A high RI score
corresponded to high priority areas for restoration with prescribed fire and a high
suitability for mechanized timber harvesting operations. In contrast a low RI score
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corresponded to low priority areas for restoration and low suitability for mechanized
timber harvesting. Our RI model showed that 72% (9,464ha) of the land area occupied a
3 (High Priority) RI score. Twenty three percent (3,064ha) of the land area occupied a 4
(Highest Priority) RI score, while a 2 (Low Priority) RI score occupied 4% (586ha). 1
(Lowest Priority) RI scores occupied less than 1% of the area within Jocassee Gorges.
The RI model can be applied to various other mountainous areas where prescribed fire
and timber harvesting activities can be constrained by terrain challenges.
3.1.

INTRODUCTION
Ecological restoration, a diverse suite of management activities which seek to

restore anthropogenically altered ecosystems back to a historic condition or functionality
(Brown 2005; Palmer et al. 2006), has increased in importance as biodiversity loss,
unsustainable habitat alteration, and climate change make relying solely on conserving
ecosystems insufficient for the longevity of their functions and characteristics (Aronson
& Alexander 2013; Degroot et al. 2013). Twentieth century fire suppression policies,
which were implemented to protect timber resources from wildfire, have inadvertently
altered historic fire regimes (Stephens and Ruth 2005; Rodriguez-Trejo 2008; Pausas and
Keeley 2009; Sang Ahn et al. 2014). As a result, many forests now face unintended
consequences including high fuel loads and increasingly prevalent destructive fires
(Pausas 2004; Pausas and Keeley 2009; Sang Ahn et al. 2014). Fire suppression has also
led to unintended ecological consequences, such as shifts in forest structure and
composition which favor homogenous shade-tolerant vegetation patterns (Allen et al.
2002; Nowacki and Abrams 2008; Collins et al. 2017). In response to these trends,
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prescribed fire and timber harvesting activities have become crucial management tools
for the restoration of functionality and characteristics of fire-dependent
forests/woodlands.
Prescribed fire can accomplish multiple management objectives for firedependent forests and woodlands. Prescribed fire initiatives have been used for hazardous
fuel reduction (Van Lear and Waldrop 1989; Fernandes and Botelho 2003; Waldrop et al.
2016), in addition to accomplishing ecological restoration objectives. In the Eastern
United States, these ecological restoration objectives include (but are not limited to):
promoting regeneration and advanced recruitment of shade-intolerant Oak (Quercus spp.)
and yellow pine (Pinus echinata Mill., P. pungens Lamb., P. rigida Mill., and P.
virginiana Mill.) (Brose et al. 2008; Brose 2014; Jenkins et al. 2011; Stambaugh et al.
2007), and increasing herbaceous and graminoid abundance (Harrod et al. 2000; Burton
et al. 2011; Vander-Yacht et al. 2020).
Another restoration objective, which can facilitate the former objectives by
increasing light to the forest floor, is the creation of an open canopy structure from
overstory mortality (Lorber et al. 2018; Brose 2014). Medium-high intensity fires have
been shown to increase overstory mortality in Appalachian yellow pine dominated
communities (Waldrop et al. 2008; Harrod et al. 2000; Jenkins et al. 2011) and oak
woodland restoration fire regimes have been recommended to include the formation of
canopy gap creation to reach desired restoration outcomes (Hutchinson et al. 2012).
However, low to medium intensity prescribed fires that occur in the dormant season are
favored in the Eastern United States (Ryan et al. 2013). Low severity fires typically do
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not result in substantial overstory mortality which can hinder oak and pine recruitment
(Waldrop and Brose 1999; Elliott and Vose 2010; Burton et al. 2011) and often multiple
fires are often needed to suppress advanced regeneration of mesophytic species like
yellow-poplar (Liriodendron tulipifera L.) and blackgum (Nyssa sylvatica Marshall.)
which can outcompete oak regeneration (Waldrop and Lloyd 1991; Dey and Hartman
2005). As canopy gap creation can be difficult to achieve using prescribed fire alone due
to limited high-severity fire behavior (Waldrop and Brose 1999; Lorber et al. 2018),
timber harvesting to facilitate overstory canopy gap creation has gained traction for
management of fire-dependent forests/woodlands.
Since the passage of the 2003 Healthy Forest and Restoration Plan (Radmall
2004), timber harvesting that seeks to improve forest structure for restoration and wildfire
risk reduction is increasingly recognized by the US Forest Service as an integral
component of forest management (US Forest Service 2012). Timber harvesting in this
capacity has the added benefit of integrating often conflicting environmentalist and
timber industry interests by simultaneously promoting forest health objectives with job
growth in the timber sector (Brown 2005; US Forest Service 2012).
In Southern Appalachian Oak-Pine forest stands, harvesting has been
recommended for controlling healthy understory vegetation, along with increasing oak
and yellow pine regeneration due to canopy disturbance (Brose and Waldrop 2010;
Jenkins et. al 2011). Harvesting that retains 40 to 70% residual stocking is also a
recommended practice for oak woodland restoration in the Eastern United States (Brose
2014). This mirrors other research in the Western United States, where partial harvests
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have been used to reduce fuel loads and preserve old-growth western larch trees in
Montana (Brown 2005) and can aid in advanced ponderosa pine regeneration (Allen et al.
2002). Timber harvesting operations that reduce fuel loads before prescribed burn activity
has also been shown to be valuable where fuel load accumulation, and proximity to urban
areas, make prescribed fire excessively hazardous (Albrecht and McCarthy 2006;
Glitzenstein et al. 2006).
Timber harvesting and prescribed fire have also been shown to work
synergistically to promote advanced oak and yellow pine regeneration by using
shelterwood, partial harvests, or selective thinning followed by repeated burns postharvest (Brose et al. 1999; Brown 2005; Pile and Waldrop 2016; Iverson et al. 2017;
Vander Yacht et al. 2020). While beneficial at promoting shade-intolerant tree
recruitment, high intensity fires and the frequent use of prescribed fires has been
correlated to tree wounding and mortality which can negatively impact merchantable
timber outputs (Knapp et al. 2015; Iverson et al. 2017; Stanis et al. 2019). However, the
more characteristic low to medium severity fire behavior of prescribed burns in the
Eastern United States has been shown to result in only minor losses in merchantable saw
timber volume at the stand-level (Knapp et al. 2015; Stanis et al. 2019).
Despite calls for increasing the scale and pace of restoration on public land (US
Forest Service 2012), prescribed fire and mechanized timber harvesting can be hindered
in their use by regional terrain, social, and economic challenges. For example, in the
Southeastern US prescribed fire can be constrained by topography, high fuel
accumulation and the complexity of the Wildland Urban Interface (South Carolina
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Forestry Commission 2010; Waldrop et al. 2012; Waldrop et al. 2016). Prescribed fire
can also be hindered by competing management objectives (Hiers et al. 2003), budget
and personnel constraints (East Gulf Coastal Plain Joint Venture 2014), and air quality
health concerns from smoke emissions (Miller et al. 2019). Lastly, climate change could
result in fewer burning days in the near future, due to altered fire seasons and increased
wildfire/escape risk (Mitchell et al. 2014).
Likewise, silvicultural activities can be constrained by topography, as uneven
slopes beyond 30% grade pose safety and operational limits for wheel-based equipment
(Heinimann 1999; Pellegrini 2012; Mreze et al. 2017). Steep slopes that exceed 20-30%
have also been shown to pose harvesting machine productivity challenges (Lotfalian et al.
2012; Diniz et al. 2019), and long hauling distances for mechanized harvesting equipment
can similarly negatively affect machine productivity (Jirousek et al. 2007; Hiesl and
Benjamin 2013). Mechanized harvesting equipment can also negatively affect the
physical properties of the harvest area. Heavy equipment operation has been
demonstrated to increase soil compaction, which in turn, can increase sedimentation into
streams through water run off erosion (Kolka et al. 2004; Page-Dumroese et al. 2006;
Wang et al. 2005). In the Southeastern US, other social and economic factors increase the
difficulty of machine harvesting including: high capital investments, an aging workforce,
high mill quotas, and increased foreign wood product competition (South Carolina
Forestry Commission 2010; Wear and Greis 2013; Conrad et al. 2018a,b).
GIS and Optimization modeling techniques have proven their efficacy at solving
complex landscape-scale dilemmas for ecological restoration and timber harvesting by
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providing decision support systems for management considerations. Weighted Overlay
(WO) GIS modeling has been used to identify high priority burn units across 180,000ha
in NW Florida using: burn history, forest habitat classifications, and management goals
among other data criteria (Hiers et al. 2003). Similarly, Mahan and others (2012) used a
WO model to identify high priority burn areas across 79,900ha of Shenandoah National
Park (Mahan et al. 2012), and Griselda and others (2020) created a GIS frame-work using
4 separate scenarios of land suitability for grassland conservation in the Central Valleys
of Chihuahua, Mexico (59,952km2).
From the harvesting perspective, GIS has been used to model optimal wood
transport routes based on lowest transportation cost (Rongzu & Mikkonen 2004), guide
skid trail and logging deck placements (Halleux & Greene 2003), and model forest road
sedimentation threats at the watershed level (Cissel et al. 2011). GIS has also been
employed to identify optimal harvesting equipment based on: slope, forest road access,
hydrogeologic risk and river presence in 169ha of the mountainous Basilicata region of
Italy (Pecora et al. 2014). Similarly, Mreže and others (2017) used slope, aspect, distance
from roads and road density to identify proper timber extraction systems for chainsaw
felling in 5,975ha of Northeast Turkey. Pellegrini (2012) also developed a GIS model to
identify proper timber extraction techniques in the mountainous Veneto region of Italy, in
addition to developing a GIS model for forest accessibility based on operator travel times
from roads.
While more complex in nature, optimization models have been employed to
promote efficient large-scale fuel reduction projects. In the Wallowa-Whitman National

77

Forest (914,657ha) Vogler and others (2015) analyzed tradeoffs of priority management
objectives (including insect risk and timber volume) in 42 forest planning areas. Ager and
others (2013) used optimization modeling to address large landscape restoration planning
of fuel reduction activities. Their model integrated: the protection of old growth
ponderosa pine, wildfire behavior risk modeling, and total treatment area (ha) based on
budget guidelines to identify the location and extent of restoration project areas in
245,000ha of the Deschutes National Forest (Ager et al. 2013).
Providing decision support systems offers a sizeable benefit in terms of planning
for ecological restoration projects. Decision support systems offer science-based
identification of the best balance of trade-offs- by generating the highest priority areas
with the greatest potential of achieving restoration objectives all while minimizing:
logistic, management, and ecological constraints (Hiers et al. 2003; Wilson et al. 2011;
Ager et al. 2013; Vogler et al. 2015; Memarbashi et al. 2017). Given the need for
continued use of prescribed fire and timber harvesting in a fire reduced world, and the
constraints to expanding their use, we developed the Restorability Index (RI) as a simple
decision support tool for ecological restoration of fire-dependent forest/woodlands in
mountainous terrain. The RI uses two land suitability GIS models in order to identify
high priority areas which are 1.) in need of ecological restoration with prescribed fire and
2.) operable for wheel-based mechanized timber harvesting. In this way, the RI can
delineate areas of interest for restoration activities that can harness the benefits of both
prescribed fire and harvesting equipment operation to meet management objectives.
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3.2.

MATERIALS AND METHODS

3.2.1. Study Area
Jocassee Gorges NRA is a 17,604-ha area (13,118ha of managed forest area)
maintained by the South Carolina Department of Natural Resources (SCDNR) in
Northern South Carolina (Figure 3.1). Due to its acreage and protected status, The Nature
Conservancy (TNC) classifies Jocassee as a high conservation priority area (Anderson et
al. 2012). Jocassee is situated directly on the SBRE, and is marked by steep slope grades
and elevations up to 850m (Abella et al. 2003; Abella et. al 2014) with a preponderance
of acidic sandy/clay or sandy/loam soils (Abella et al. 2003).
Pre-settlement forests of Jocassee were primarily a heterogeneous mix, with
Quercus-Castanea dentata overstories being a common fixture of the landscape (Braun
1950). Mesic hardwoods with eastern hemlock (Tsuga canadensis) occurred along
streams and topographic coves which were typically sheltered from fire (Braun 1950;
Abella & Shelbourne 2004; Boyle et. al 2014). SBRE 4th Approximation Ecological Zone
modeling (Simon 2015) reveals 5 fire-dependent communities appear within Jocassee:
dry-mesic oak, dry oak evergreen heath, dry oak deciduous heath, pine-oak heath, and
shortleaf oak-pine. Cumulatively, these communities comprise 62% (8,178ha ha out of
13,118ha) of the Jocassee managed forest area. Currently the overstory of Jocassee is
dominated by red maple (Acer rubrum), chestnut oak (Quercus montana), scarlet oak
(Quercus coccinea) and black oak (Quercus) (Abella et al. 2003).
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Figure 3.1. Location of the study area in Pickens and Oconnee Counties, SC (34.944530,
-82.918152).

3.2.2 RI Model Overview
The first component of the RI, the Baseline Fire Habitat Suitability Model (FHSI),
identifies high priority forest areas for the use of prescribed fire (Chapter I). The second
component of the RI, the Harvest Operability Index (HOI), identifies highly operable
forest areas for mechanized harvest operations in mountainous terrain (Chapter II). We
generated an RI model and analyzed its application in a case study across a 13,118ha
landscape in the Southern Appalachian Mountains, USA. The output of the RI model is a
visual map wherein the delineation of suitable and unsuitable area can be used to
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facilitate better informed decisions for expanding ecological restoration (with prescribed
fire and harvesting activities) in the case study area.
3.2.3 RI Model Inputs- The Baseline FHSI
The first component of the RI, the Baseline Fire Habitat Suitability Index (FSHI),
numerically rates a landscape based on its priority for ecological restoration using
prescribed fire (Chapter I). GIS data criteria used for this model include burn history
(years since last burn and acreage), Heat Load Index (HLI), LANDFIRE Tree Canopy
Cover, LANDFIRE Vegetation Departure Index (VDEP), and 4th Approximation SBRE
Ecological Zone modeling (Simon 2015). These data criteria were subsequently
reclassified so each had a common 0-4 class value range before being added together
using raster calculator. For a more detailed analysis of the Baseline FHSI reclassification
methodology, see Chapter I.
Based on modeling parameters a high Baseline FHSI score corresponded to an
area of high fire-dependent forest restoration priority, or an area that deviates
dramatically from historic conditions of the SBRE (i.e. high vegetation departure in firedependent ecological zones and upwards of 15 years with no fire activity). In contrast a
low FHSI score would indicate an area that is less of a priority for restoration due to
optimal conditions (i.e. units burned 5-10 years ago, high vegetation departure, etc.) or
undesirable mesic areas (i.e. units with mesic SBRE ecological zones, low vegetation
departure and lower HLI areas, etc.) The identification of median FHSI priority areas can
also aid in cost reduction strategies. By targeting median FHSI scores over high FHSI

81

scores, managers may not have to devote as much time and resources to reach desired
fire-dependent restoration objectives. This would be a result of median FHSI scoring
areas retaining some desired fire characteristics (e.g. median vegetation departure,
medium-high HLI etc.) The Baseline FHSI model had a range of possible values from 016, and within the Jocassee case study area, observed scores were 1-16 with no area
attributing the lowest priority (0). The Baseline FHSI identified three potential areas for
restoration as southwest of Howell Mtn, as well as near Wadakoe and Roundtop Mtn.
3.2.4 RI Model Inputs- The HOI
The second component of the RI was the Harvest Operability Index (HOI), which
numerically rates a landscape based on its suitability for mechanized timber harvesting
(Chapter II). GIS data criteria used for this model include: stand age, primary streamside
management zone (SMZ) buffers, a cost path analysis from major highways in the study
area, skidding distance, slope classes, and soil suitability for mechanized harvesting.
These layers were then reclassified so each had a common 0-4 class value before being
summed together using raster calculator. For a more detailed analysis of the HOI
reclassification methodology, see Chapter II.
Based on the HOI model parameters a high HOI score corresponded to an area of
high priority for mechanized timber harvesting, due to its suitability for mechanized
equipment operation (i.e. gentle slopes, far away from steams, minimal skidding
distances, suitable soil, etc.). In contrast a low HOI corresponded to an area with far more
operational constraints (i.e. steep slopes, streams in the immediate area, longer skidding
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distances, etc.) The HOI model had a possible range of values from 0-24, and in Jocassee
observed scores were 2-23. This indicated no area in Jocassee received the most optimal
score, and thus every forest stand within Jocassee had some operational constraint to
optimal mechanized harvesting conditions. The most suitable harvesting areas were
concentrated in the Eastern portion of Jocassee near Highway 178. Suitable area was also
identified in the southwest of Jocassee, where active logging in loblolly (P. taeda)
dominant stands currently occurs. Optimal sites for potential future mechanized
harvesting activity were identified near Wadakoe and south of Roundtop Mtn.
3.2.5 RI Model GIS Methodology
To construct the RI Model, we used a WO in ESRI ArcGIS 10.7 ModelBuilder
(ESRI 2011). The WO used two data criteria: The Baseline FHSI model and HOI model.
To begin this process, we reclassified both model outputs into a 1-4 scale of priority
(Table 3.1). A value of 1 defined lowest priority for prescribed fire and timber harvest
equipment operation whereas 4 defined the highest priority for prescribed fire and
equipment operation. The two criteria were set to equal influence in the weighted
overlay, with each criterion devoting 50% importance in the final WO model.
The RI model output had a range of possible values from 1-4. A 4 (Highest
Priority) RI score corresponded to the highest priority area for restoration, and an area
that was most optimal for mechanized harvest equipment. A 3 (High Priority) was the
next highest value. A 2 (Moderate Priority) defined areas that were less of a priority for
restoration and less optimal for equipment operation- but still relatively suitable for
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restoration and mechanized equipment operation. A 1 (Lowest Priority) RI score
indicated an area extremely low in restoration priority and with areas poorly suited for
harvesting equipment operation (Table 3.1).

Table 3.1. Inputs for the Weighted Overlay (WO) RI Model. Each data criteria
were given 50% influence in the WO.

Data Criteria

Baseline FHSI

HOI

3.3.

Input Values

WO Class Value

0-4

1 (Lowest Priority)

4-8

2 (Moderate Priority)

8 - 12

3 (High Priority)

12 - 16

4 (Highest Priority)

0-6

1 (Lowest Priority)

6 - 12

2 (Moderate Priority)

12 - 18

3 (High Priority)

18 - 24

4 (Highest Priority)

Percent
Influence
50%

50%

RESULTS

3.3.1. RI Model Results
The majority of the 4 (Highest Priority) RI scores were observed in the East of
Jocassee along Highway 178 (Figure 3.2). The RI score that corresponded to the largest
land area was an RI of 3 (High Priority) at 82% (9,464ha). RI scores of 4 (Highest
Priority) corresponded to 23% (3,064ha) of the land area. Less than 1% of the land area
received a 1 (Lowest Priority) RI score (Table 3.2). Our modeling pointed to three areas
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of interest for considering new restoration initiatives that could utilize both wheel-based
mechanized harvesting operations and prescribed fire. We identified areas near Howell
Mtn, Wadakoe Mtn, and Roundtop Mtn as high priority in terms of restoration (i.e. higher
VDEP scores, no recent burn activity, and denser concentrations of high priority SBRE
Ecological Zones). Additionally, these were high priority areas in terms of harvesting
equipment operability as they were marked by characteristics such as: closer proximities
to highways and forest roads, older stand age classes, and suitable soil for equipment
operation. Jocassee showed limited restoration and harvest equipment operation potential
mainly in the west. High priority for restoration and harvest equipment operation were
also located in the southwest of Jocassee where most active logging currently occurs.
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Figure 3.2. Output of the RI model on a 1-4 scale for Jocassee.
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Table 3.2. Land area corresponding to RI scores on a 1-4 scale in Jocassee. Total
sampled area: 13,118ha

RI Score

1
Lowest Priority

2
Moderate Priority

3
High
Priority

4
Highest Priority

Area (ha)

3

586

9,464

3,064

Percent
(%)

<1%

4%

72%

23%

3.4.

DISCUSSION
Research has demonstrated the effectiveness of utilizing timber harvests

(especially shelterwood harvests) along with repeated prescribed fire to meet woodland
restoration objectives such as increased oak regeneration, yellow pine regeneration and
increase forb/graminoid cover (Pile and Waldrop 2016; Iverson et al. 2017; VanderYacht et al. 2020). The RI Model is a simple suitability model that can be used to guide
management decisions for maximum ecological benefit by providing a combined
numerical rating for restoration priority and mechanized timber harvesting. Like
conclusions in other GIS modeling approaches, the RI is meant to be a decision support
tool and should be used to guide further investigation to confirm high priority area
(Adams et al. 2003). Overall, the RI demonstrated the most suitable areas for harvesting
equipment operation and prescribed fire were in the Eastern section of Jocassee,
especially along Highway 178 and in the southwest.

87

Other WO GIS analyses for restoration have focused solely on restoration
parameters, such as landform characteristics and land use (Vázquez-Quintero et al. 2020)
and burn history and vegetation type (Mahan et al. 2012). Hiers and others (2003)
integrated some aspects of mechanical operation in their WO for prioritizing prescribed
fire. These researchers devised a WO that rated a landscape for prescribed burn activity
by setting their model cell size to the corresponding area of aerial ignition blocks. The RI
model similarly incorporates a mechanical operation component by assessing a landscape
based on restoration priority and wheel-based harvesting equipment operability.
However, the RI model approach incorporates more parameters that define machine
operability by using the HOI as a WO input. The RI model also provides a more holistic
and flexible approach to identifying high priority area for restoration work. By
integrating parameters for wheel-based equipment operation with restoration parameters
for prescribed fire, high priority RI areas have a greater potential to ensure prescribed fire
and mechanized equipment operation are being targeted to areas where reintroductions of
fire are needed and equipment operation is not overly constrained by terrain and logistic
considerations. The WO additionally allows users to alter the Baseline FHSI and HOI
inputs in the WO. By raising or lowering the percent influence of these two layers, users
can create an RI map that prioritizes ecological restoration with prescribed fire over
harvesting equipment operation or vice-versa.
3.4.1 RI Model Improvements
There are potential drawbacks to the RI approach that are not captured by the
model. There is a demonstrated relationship between increasing forest canopy openness
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and herbaceous cover (Harrod et al. 2000; Small and McCarthy 2002; Jenkins et al. 2011;
Binninger 2016) and research in the region has also demonstrated minimal success to
achieve this canopy openness with low-medium intensity fires (Burton et al. 2011; Van
Gundy et al. 2015; Waldrop et. al 2016; Oakman et al. 2019; Oakman et al. 2021)
illustrating the importance of surrogate fire treatments (i.e. shelterwood harvests).
However, timber harvest operations have also been shown to increase the presence of
non-native species (Small and McCarthy 2002; Evans et al. 2006; Willms et al. 2017). An
establishment of a non-native species from harvesting activities in an area with no prior
non-native presence could certainly degrade any progress made from the restoration
initiative. This was not accounted for in our modeling, and threats to potential
establishment of non-natives such as Princess Tree (Paulownia tomentosa Thunb.) should
be considered in restoration planning due to the early successional habitat created from
harvesting and burning which could facilitate their establishment (Kuppinger 2010).
Additionally, the VDEP layer in the Baseline FHSI input for the RI Model was
resampled into a smaller cell size (10ft2.) which has implications for the overall accuracy
of the VDEP data layer (Chapter I). However, given the degree of degradation present in
Jocassee, we determined our resampling methodology accomplished our objectives.
Lastly the data criteria in the Baseline FHSI and HOI model were constructed with equal
importance, and no one data layer exhibited more weighting importance over the other.
This approach differed from other suitability modeling processes that use Analytical
Hierarchy Processes (AHP) to identify appropriate modeling calculations based on the
guidance of expert opinion (White and Finnessy 2005; Li et al. 2017; Memarbashi et al.
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2017). There is potential our model could benefit from an AHP analysis within the
Baseline FHSI and HOI models. Trained forest equipment operators and ecologists could
raise or lower the overall importance of inputs and thus the final RI output could change.
This either could potentially expand 4 (Highest Priority) RI scores, expand 1 (Lowest
Priority) RI scores, or shift contiguous high priority areas to different locations within
Jocassee.

3.5.

CONCLUSIONS
The RI Model is a simple suitability model to be used as a decision support tool

for restoration of fire-dependent areas in mountainous terrain. By numerically rating a
landscape for its prescribed fire restoration priority and timber harvesting suitability,
managers are provided with areas that open up possibilities for restoration projects which
maximize ecologic benefit and reach management objectives in shorter time frames. For
example, a single low-medium intensity prescribed fire will rarely create open canopy
structure and may require multiple burns over many years to simulate some desired stand
characteristics of fire-dependent woodlands. However, a single harvesting event can
reach this management objective, allowing one management objective to be reached even
before a prescribed fire operation begins.
The RI methodology can be applied to anywhere where fire-dependent ecological
restoration seeks to be augmented with harvesting operations. The RI has the added
benefit of a user-friendly GIS modeling approach, allowing multiple conservation
practitioners to engage with it and alter weights in the WO to suit their needs. We hope
this model can be used to increase the feasibility of timber harvesting to accomplish
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ecological restoration and conservation goals of mountainous fire-dependent
forests/woodlands in a fire reduced world.
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THESIS CONCLUSIONS
This MS thesis presented a series of GIS models developed as decision support
tools for ecological restoration of fire-dependent forested areas in mountainous terrain,
using Jocassee Gorges as a case study area for their implementation. In Chapter I, FHSI
GIS models were introduced that evaluated a landscape for priority of ecological
restoration with prescribed fire. The Baseline FHSI evaluated a large landscape area
using solely GIS based data, the Stand/Burn area FHSI evaluated a smaller landscape
area using ecological monitoring data, and the Final FHSI was a combination of both
approaches. General conclusions of Chapter I showed a burn unit near Horse Pasture
Road as a higher priority for prescribed fire for active burn units. Chapter I also proposed
new areas for prescribed fire with no recent burn history near Howell and Roundtop
mountains.
In Chapter II, the HOI GIS model evaluated a mountainous landscape for wheelbased mechanized equipment operability based on landform constraints and logistic
constraints (e.g. stand age and cost distance to major highways). This model can be used
to guide where partial harvests can be incorporated for ecological restoration by reducing
tree canopy cover and improving fire-dependent forest structure. The HOI delineated the
challenges of wheel-based equipment harvesting in Jocassee due terrain marked by steep
slopes and poorly suited soils for equipment operation. The HOI model delineated area in
the South/Southwest of Jocassee as highly operable, coinciding with where most active
logging currently occurs. The HOI also delineated highly operable area around Highway
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178, and South of Roundtop and Howell Mtn where no recent harvesting activities have
occurred.
Lastly in Chapter III, the RI GIS model was introduced which evaluated a
landscape using the Baseline FHSI and HOI in a WO. This model delineated areas that
were high priority for prescribed fire and highly operable for wheel-based harvesting
equipment. Effectively, this model indicated area where partial harvests and prescribed
fire can work synergistically for ecological restoration. Using partial harvests could assist
in reducing tree canopy cover and favor oak and yellow pine advanced regeneration- as
canopy gap creation is rarely accomplished with a single prescribed fire event in the
Southern Appalachians. Additionally, prescribed fire can be used to set back any
potential mesophytic hardwood regeneration which is typically observed after logging
events. The RI delineated the highest priority area for this model around Highway 178
and near Howell and Roundtop Mtns.
The FHSI, HOI, and RI model approaches offers managers and researchers in the
Southern Appalachians, and in any mountainous terrain where ecological restoration of
fire-dependent forests is a management objective, effective tools to prioritize their
landscapes. Managers and researchers can use these 3 models to better understand where
partial harvests for restoration are most feasible (given harvesting equipment constraints),
where prescribed fire is of higher priority due to field collected and GIS based data, and
where prescribed fire and timber harvesting can be utilized together.
These flexible modeling approaches offer insight into the most suitable areas for
restoration on a landscape, and as a result promote more efficient use of prescribed fire
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and timber harvesting in large landscape-scale contexts. By understanding the priority of
prescribed fire and harvesting operability in current burn units, managers can use the
model outputs as a guide for concentrating restoration efforts on areas that require less
time and labor costs to restore. In contrast, by identifying high ecological restoration
priority areas with no previous management activity, managers can use the model outputs
as a guide for expanding their restored acreage all while reducing time and labor costs.
By harnessing the benefit of timber harvesting and prescribed fire being utilized together,
these tools allow greater potential for desired fire-dependent forest structure and
characteristics to be achieved in a reduced amount of time.

94

APPENDICES
Appendix A
Slopes of Jocassee (Percent)

Figure A: The Slope output for Jocassee generated using the Spatial Analyst Slope tool.
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Appendix B
Skidding Distances of Jocassee (Meters)

Figure B: The Skidding Distance (from all roads) output for Jocassee. The figure was generated using the
Euclidean Distance Spatial Analyst Tool.
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Appendix C
Cost Distance to Major Highways in Jocassee (Meters)

Figure C: The Cost Distance to Major Highways output for Jocassee. The figure was generated using Cost
Distance Spatial Analyst Tool and a road friction raster.
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Appendix D
Forest Stand Age of Jocassee

Figure D: The Forest Stand Age Raster for Jocassee.
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Appendix E
Trout and Non-trout Waters in Jocassee

Figure E: Trout lakes, streams, and non-trout streams in Jocassee.
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Appendix F
Harvest Equipment Soil Suitability in Jocassee

Figure F: Harvest Equipment Soil Suitability for Jocassee.
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